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Abstract 
Influenza epidemics in the United States, are major causes of morbidity and mortality, and cause 
serious economic disruption on an annual basis. Evidence has begun to accumulate linking 
neighborhood-level socioeconomic disadvantage to higher rates of hospitalization and mortality 
related to influenza (Cordoba & Aiello, 2016; Jung, Lin, & Viswanath, 2013). Some studies 
suggest that this may be due to lower rates of vaccination, higher rates of comorbidities in 
socioeconomically disadvantaged communities (Cordoba & Aiello, 2016; Jung, Lin, & 
Viswanath, 2013; Ross & Mirowsky, 2001). However, few studies have evaluated the effects of 
neighborhood level socioeconomic disadvantage and structural features on influenza incidence in 
a manner that controls for vaccination status and comorbidities due to a lack of robust 
surveillance for influenza incidence at the community level.   
Through secondary analysis of influenza cases collected from the Household Influenza 
Vaccine Effectiveness (HIVE) study, this study evaluated the impact of census-block level social 
disadvantage on incidence of primary and secondary influenza infection while controlling for 
individual and household-level features known to impact individual influenza. Data from the 
2010 Census and American Community Survey was used to calculate neighborhood 
disadvantage z-scores. All respiratory illness meeting case definitions between October 2014-
May 2015 were tested for influenza by RT-PCR. Sequential logistic regression models were used 
to evaluate the effect that neighborhood has beyond individual and household-level risk factors. 
Individual overall influenza risk and vaccination status varied by age, race, and presence 
of a high-risk health condition. Results from sequential logistic regression analysis of 
neighborhood-level variation suggested that while neighborhood level z-score and subjective 
social position of individual participants was not predictive of primary or secondary influenza 
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incidence, increasing body-mass index (BMI) was statistically significantly protective against 
primary influenza in adult participants. The relatively small sample size, and limited diversity of 
socioeconomic status within the initial study sample somewhat limit the generalizability of the 
results of this study. In light of these limitations, these results suggest a need for further 
investigation of the link between increasing BMI and influenza incidence, as this could be 
important in the United States where obesity is rapidly increasing. Further, these results suggest a 
need for additional study in more diverse populations to definitively determine whether or not 
neighborhood disadvantage has any impact on influenza incidence.   
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Chapter I: Introduction 
Problem Statement 
Influenza is a severe acute respiratory illness that, despite the availability of vaccines and 
the application of individual level non-pharmaceutical interventions, remains a significant cause 
of morbidity and mortality on a global scale. Epidemiological and biological research have led to 
the development of both seasonal vaccines and non-pharmaceutical interventions, both of which 
have been demonstrated to be effective in reducing individual risk for seasonal influenza. While 
some non-pharmaceutical interventions are effective on an individual scale, their efficacy 
depends heavily on their consistent application by members of the public. From a public health 
standpoint, the development of community-level interventions that could be applied to reduce 
influenza risk at a community level may be an attractive option to policymakers to reduce the 
community health and economic impacts of seasonal influenza. The development of such 
interventions would rely upon a sound evidence base demonstrating the effect that these 
community level features have directly upon influenza incidence, or the adverse outcomes that 
can be attributed to influenza infection. To date, however, few studies have attempted to evaluate 
community-level features for their potential contribution to individual and community level risk 
for seasonal influenza.  
Problem Importance  
Few studies have attempted to assess how social and structural environmental features 
influence influenza incidence. Identifying and examining hyperlocal structural factors associated 
with increased individual primary and secondary influenza risk may help identify target areas for 
focused vaccination campaigns.  Such campaigns conceivably could reduce the seasonal 
economic and health impact of influenza on individuals and communities at local levels. To the 
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best of our knowledge, this is the first study to evaluate the association between individual 
influenza risk and social determinants of health at the neighborhood level using direct laboratory 
testing for influenza on a recruited cohort. The use of laboratory testing adds validity to the 
results of this study, as well as discriminatory power that would not be available in a similar 
study that used influenza-like illness as an outcome variable. The household nature of 
recruitment in this study also enabled us to assess the impact of environment on risk of 
secondary influenza, which is less often studied than primary incident influenza.     
Background  
Severe influenza is not only a global problem, it is also a local one. In the United States 
alone, despite the availability of effective vaccines, more than 9.3 million infections occur, more 
than 140,000 individuals are hospitalized, and between 12,000 and 49,000 people die from 
influenza related complications annually (Centers for Disease Control and Prevention, 2018a).  
Further, the economic ramifications of annual influenza related healthcare costs, loss of 
productivity, and mortality can be severe. In 2007, Molanari et al. (2007) estimated that costs 
associated with influenza amount to between $26.8 and $87.1 billion each year, which is likely to 
have increased in the decade since this study was published.  
Vaccinations for influenza are widely available in the United States, and are currently the 
single most effective tool for the reduction of seasonal influenza morbidity and mortality 
(Soema, Kompier, Amorij, & Kersten, 2015). The CDC estimated that vaccination prevented 
5.29 million cases, 2.64 million medical visits, and 84,700 influenza related hospitalizations 
during the 2016-2017 flu season, the most recent season for which estimates are available (CDC, 
2018b). While the costs, both in human and economic terms averted by vaccination in the 2016-
2017 season were significant, they pale in comparison to the 30.9 million cases, 14.5 million 
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medically attended cases, and 600,000 hospitalizations that occurred due to influenza that 
season, making it clear that work remains to adequately address the burden of influenza in the 
United States (CDC, 2018b).   
Vaccination alone is insufficient to address the burden of influenza in the United States 
for several reasons. The high mutation rate of the virus itself, and the propensity for genetic 
reassortment during co-infection with more than one strain of the influenza virus presents a 
challenge to vaccine developers. This antigenic shift and drift in genes coding for the surface 
proteins hemagglutinin and neuraminidase, to which current vaccines are targeted, results in lack 
of cross-reactivity among neutralizing antibodies elicited by previous vaccine strains, meaning 
that there is a need for annual reformulation of the influenza vaccine in order to maintain 
effective antigenicity (Soema, Kompier, Amorij, & Kersten, 2015).  
Further, vaccine effectiveness has been lower than expected in recent flu seasons 
(Lewnard & Cobey, 2018). Some of this lack of effectiveness has been attributed to mismatch 
between circulating strains and the strains selected for inclusion in the vaccine, however this 
explanation is insufficient to explain all of the variability (Belongia et al., 2009; Lewnard & 
Cobey, 2018; Tricco et al., 2013). Years of low vaccine effectiveness (VE), and annual vaccine 
coverage rates around 40% among the general population leave significant swathes of the 
population of the United States vulnerable to influenza each year. While vaccine coverage tends 
to be higher in children and adults over the age of 65, working age adults between the ages of 18 
and 49 have consistently low vaccination coverage rates, 27.5% in 2010-2011 and 33.5% in the 
2014-2015 flu season (CDC, 2011; CDC, 2015).  
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Vaccine effectiveness also varies significantly by age, previous vaccination history, 
genetics, and immune status of the recipient (Flannery et al., 2018; Gomez Lorenzo & Fenton, 
2013; Lewnard & Cobey, 2018; Ohmit et al., 2013; Stacey et al., 2018).  
Clearly, a policy focus on increasing and improving vaccination alone is and has been 
insufficient to reduce influenza morbidity and mortality to sufficiently low levels in the United 
States. Other, non-pharmaceutical interventions, such as the use of face masks, have been 
developed and tested at the individual level, but in many cases, the effectiveness of these 
interventions relies heavily upon consistent and correct individual application. Beyond 
vaccination, few strategies for minimizing population level influenza risk have been 
demonstrated to be highly effective in isolation. Many non-pharmaceutical interventions can be 
difficult to evaluate as they rely on consistent individual application in the community, and some 
such as mask wearing can have low social acceptability within the United States, resulting in low 
compliance (Aiello et al., 2010). Contact precautions also rely on consistent individual 
application, but have shown modest effectiveness in the controlled environment of long term 
care facilities (Rainwater-Lovett, Chun, & Lessler, 2014). As influenza remains a significant 
public health burden in the United States there is a clear need for alternative community level 
influenza mitigation strategies that are less reliant on individual behaviors and could be targeted 
to address community features contributing to influenza risk. 
Community level interventions, including targeted school closures and social distancing 
policies, that could be applied to populations would be more ideal from a public health 
standpoint, as they would reduce the burden on the individual for correct application, and would 
benefit greater numbers of people.  
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However, there is a current gap in the research evaluating whether this type of 
intervention is even possible, and which features of a community contribute to the greatest 
influenza risk. This study aims to begin to evaluate the degree to which neighborhood level 
structural characteristics alter individual risk for contracting influenza in order to begin to build 
the evidence base for this type of potential public health intervention.  
Significant bodies of work exist that have established the role of social determinants of 
health in diseases of non-communicable etiology that can be addressed at the policy level. 
Recently, a number of studies have explored the role that social determinants of health play in 
illnesses of infectious etiologies, and there is a growing body of evidence to support a role for an 
association between subjective social status and individual influenza risk. However, few studies 
have investigated the role that social determinants of health play in individual influenza risk on 
an ecological scale.      
Statement of Purpose 
Social determinants of health have long been recognized as influential in altering 
individual and population level risks for non-infectious diseases, and are beginning to be 
evaluated for their potential influence on incidence and outcomes for diseases of infectious 
etiology. Influenza and influenza related pneumonia are significant causes of morbidity and 
mortality in the United States, and the current vaccination practices and non-pharmaceutical 
control strategies that are currently in place have not been fully effective in the prevention of 
annual seasonal epidemics of influenza in the United States. There is a clear need for further 
research to develop novel strategies to reduce influenza risk, and the development of a body of 
literature evaluating additional risk factors for influenza incidence is a necessary starting point.   
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 This study aims to explore the potential relationship between individual seasonal 
influenza risk and neighborhood level structural features on a small scale. The purpose of this 
small, single year study is to serve as a proof of concept, and to begin to evaluate if the 
neighborhood-level social determinants of health could be potentially fruitful targets for further 
examination of individual risk for primary influenza and secondary influenza. 
Research Questions 
 Do neighborhood-level structural characteristics (such as housing quality and stability, 
crowding, transportation access, etc.) influence individual risk of becoming infected with 
seasonal influenza or secondarily transmitting seasonal influenza to another member of their 
household? 
Primary Objectives 
1. To characterize social and geographic factors at the neighborhood level that are 
associated with primary household influenza infection.  
2. To characterize social and geographic factors associated with secondary intra-household 
transmission of influenza at the neighborhood level. 
Hypothesis 
 Differences in influenza infection rates are expected to exist at the census block and 
family level as influenza is an infectious disease. Based on the available literature, we 
hypothesize that increased primary and secondary influenza incidence will occur in census 
blocks with higher neighborhood disadvantage scores, and less stable and lower quality housing. 
Scope and Delimitations of the Study 
 This study is a descriptive study, and the results are intended to be interpreted as such. 
Exclusion criteria for the original HIVE study, as well as the limits on data collection from the 
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2010 Census, and 2010 American Community Survey also limit the population that is described 
by the data included in this survey (U.S. Census Bureau, 2009). The population described is 
limited to community dwelling adults and children who seek care from the University of 
Michigan Medical System, and living in and around Ann Arbor, Michigan, which may limit the 
generalizability of this study. Physical and social features that individual participants encounter 
in their work locations and school locations (for school-aged participants) were not explicitly 
considered, as the census-block assignments for each participant are based on residential address. 
Finally, the limitation of this analysis to a single year, and the relatively small sample size 
potentially limit the effect size observed. These limitations may bias the study towards the null of 
no difference in primary and secondary influenza rates.  
Thesis Organization  
 This thesis has been organized into chapters representing the stages of the research 
process and begins with this introduction containing the problem statement, research purposes 
and objectives, and a brief overview of the study design. This introduction is followed by a list of 
key technical terms. A literature review follows, establishing the base of knowledge off of which 
the study was designed, and describing the basis upon which the exposure variables were 
selected to be included in the final analysis. In the third chapter, the study design and 
methodology are described in detail, data collection, analysis, steps taken to ensure validity and 
reliability, and data security are discussed. Results of the multivariable logistic regressions used 
to address the influence of neighborhood level disadvantage on primary and secondary influenza 
incidence are presented in the fourth chapter. These results are organized into three sets of 
models. The first set of models aims to address the research question whether the addition of the 
neighborhood disadvantage z-score adds predictive power beyond individual and household level 
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factors that were identified in the literature review as important factors associated with influenza 
incidence. The second set of models is structured to build upon the knowledge generated by the 
first set, and addresses the separate question,  whether or not neighborhood level disadvantage is 
predictive of any influenza, primary influenza, and secondary influenza independently of 
household and individual characteristics, and then whether it maintains any predictive power, 
once those are controlled for. Based on the findings of the first set of models assessing individual 
characteristics first, an additional round of modeling is presented, repeating the first three models 
assessing individual characteristics separately for adult and child participants. The final chapter 
reflects upon the findings of this study in the context of the information identified in the 
literature review, discusses the relevance of these findings to public health and offers 
recommendations for future work examining the role that neighborhood social disadvantage 
plays in influenza incidence.    
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Definition of terms 
Primary Influenza: The index case of influenza occurring in a household, that is not linked to 
transmission from a household member. Also referred to as community-acquired influenza.  
Secondary Influenza: An influenza case where transmission can be linked to a household index 
case if both cases were the same influenza type (or subtype) and influenza onset in the secondary 
case occurred from 1 to 7 days after illness onset in the index case. 
Social Determinants of Health: The economic and social conditions that influence individual 
and group differences in health status. 
Subjective Social Status: An individual’s perception of their social class relative to others, 
measured by self-placement on the 9-step ‘ladder’ developed by Adler and colleagues (2009). 
TCID50: Median tissue culture infective dose; that amount of a pathogenic agent that will 
produce pathological change in 50% of cell cultures inoculated. 
Vaccine Efficacy: The proportionate reduction in disease incidence within a vaccinated group of 
people compared to an unvaccinated group under ideal conditions. 
Vaccine Effectiveness: The proportionate reduction in disease incidence within a vaccinated 
group of people compared to an unvaccinated group under typical field conditions. 
Influenza Like Illness (ILI): A medical diagnosis of possible influenza based on a syndromic 
definition without laboratory testing for influenza. WHO defines ILI as an acute respiratory 
infection with a measured fever of ≥ 38 C° and cough; with onset within the preceding 10 days. 
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Chapter II: Literature Review 
Introduction  
Influenza is a serious respiratory illness that, while in many-cases is self-limiting, causes 
600,000 cases of severe illness, requiring hospitalization, and an average of 51,000 deaths in the 
United States each year (CDC, 2018; Cordoba & Aiello, 2016). All individuals living in the 
United States are at risk for influenza, however these risks are not evenly distributed among age 
and race/ethnicity groups (CDC, 2018).  
The social determinants of health, such as education, race/ethnicity, socioeconomic 
status, physical and financial access to health services (including vaccination), work and school 
policies on sick leave, and social stressors have been well established as factors that contribute to 
causation and exacerbation of chronic respiratory illnesses of non-infectious etiology (Karpati et 
al., 2008). A growing body of evidence, however, has also begun to link the social determinants 
of health to the exacerbation, and potentially the incidence of respiratory illnesses of infectious 
etiology including influenza.       
Literature Review Purpose & Methodology 
The purpose of this literature review is to evaluate the existing evidence for the social 
determinants of influenza, to explore the existing evidence that physical geographic features 
potentially contributes to individual and population level influenza risk, and to discuss the role 
that neighborhood plays in health and illness. This literature review is organized thematically, 
following the above framework, and emphasizes topics and sources that have shaped the 
development of the current study. Databases included in the scope of this study were PubMed, 
Web of Science, ProQuest Medical Database, and Academic Search Premier. Primary search 
terms included: Influenza and flu, and were paired with the search terms social determinants, 
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social determinants of health, and social-epidemiology.  In the initial search, 644 articles were 
identified by our search parameters. As the search evolved, additional parameters were included 
following lines of inquiry about different dimensions of place, and included terms for weather, 
climate, air temperature, humidity, air pollution, and social stress were included. Additional 
sources were identified from the bibliographies of articles included in the original search. Only 
peer-reviewed articles are included in the scope of this review to ensure the scientific integrity of 
the information presented. Publication dates of articles selected for inclusion range from 1976-
2019 as it is an area of research that has been developing across multiple disciplines over a broad 
timescale.  
Existing Evidence for Drivers of Geographic Differences in Influenza Risk  
The literature review demonstrates that while spatial heterogeneity of influenza incidence 
in the United States has been widely acknowledged, disagreement exists regarding the extent to 
which specific forces drive these differences. The two prevailing theories are that this 
heterogeneity is driven by differences in transmission rates of the influenza virus across 
geographic regions, leading to larger seasonal epidemics in some areas than others, or, that 
spatial heterogeneity is driven by differences in local population susceptibility to the circulating 
strain of influenza.  
Mechanisms of influenza A virus transmission drive demographic dispersal at 
different rates. Influenza is an infectious disease, and geographic spread of influenza occurs 
through contact between infected and susceptible individuals. Four primary models for influenza 
transmission exist, the first model suggesting that transmission can occur through direct physical 
contact with an infected individual. The second model suggests that transmission occurs via viral 
particles shed from an infected individual that are transmitted via an intermediate, usually 
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inanimate, object (i.e. fomite transmission). The third, that droplets coughed or sneezed out by an 
infected individual come into contact with the nasal or oral mucosa of a susceptible individual, 
and the fourth that transmission occurs via the inhalation of aerosolized droplets, which can 
remain suspended in the air for an extended period of time (Brankston, Glitterman, Hirji, & 
Lemieux, 2007). Disagreement exists as to the relative importance of each of these methods of 
transmission of influenza, which has implications not only for the recommendation of individual 
non-pharmaceutical interventions, but also for institutional and community level influenza 
preparedness planning.  
The relative importance of large droplet vs. small droplet transmission has been a 
particular source of contention. In experimental inoculation studies on human volunteers, small 
droplet aerosols (1-3 µm) were found to have a significantly lower infectious dose, than the dose 
required for infection when deposited directly intranasally (0.6–3.0 TCID50 compared to 127–
320 TCID50; Alford, Kasel, Gerone, & Knight 1966; Tellier, 2006). Epidemiological data, 
including outbreak data from nosocomial settings, and the 1979 airplane outbreak, where a faulty 
ventilation system was blamed for the infection of 72% of passengers on the flight, seems to 
confirm the importance of the aerosol route of transmission (Moser et al., 1979; Riley, 1974; 
Tellier, 2006). Even more striking was the observation that among 209 patients in a tuberculosis 
isolation ward with ceiling-mounted UV lamps, which are effective at inactivating aerosolized 
influenza virus, but not fomites or large droplets due to low surface penetration, only two percent 
of patients seroconverted to the then circulating 1957-1958 influenza AH2N2 pandemic strain, 
while 19% of tuberculosis patients in a similar ward without the lamps at the same hospital 
seroconverted, and 18% of staff who traveled between the two wards seroconverted (Riley, 
1974; Tellier, 2006). Criticisms of the conclusions of these studies have been put forward by 
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Lemieux, Brankston, Gitterman, Hirji, Z., & Gardam, (2007) suggesting that potentially 
important confounders such as bed arrangement, number of influenza exposures, patient mix, 
and ventilation were not properly accounted for in the 1974 study. Considering the weight of the 
evidence, particularly in light of the difference in infectious dose between mucosal inoculation 
and inhalation of small droplets, seems to suggest that small droplet aerosols are likely to 
contribute to community-based influenza transmission in a significant way. Lee, Nah, and Choi 
(2015) suggested that the dominant route of transmission of influenza depends not only upon 
human population density, but also upon the openness of the space in which an interaction 
between an infectious and a susceptible individual occurred (affecting the likelihood of each of 
the above described routes of airborne transmission),  human behavioral patterns within a 
population increasing or decreasing the likelihood of close physical contact, and the duration of 
the contact time. Yang and Marr (2011) describe the importance of indoor air temperature and 
humidity on influenza transmission through modeling and emphasize the importance of 
maintaining high relative humidity and temperature to reduce the risk of indoor transmission of 
influenza A virus.  Importantly, this information suggests the need for efficacy studies to 
evaluate existing non-pharmaceutical interventions for their efficacy against small droplet 
transmission.  It also serves as a potential explanation of observed climatic influence on 
influenza transmission within the United States.  
Population density and social network density modify influenza transmission 
dynamics.  Population density and social network density both play important roles in local risk 
of the establishment of seasonal and pandemic influenza within a population, as well as 
modifying the effects that climate can have on transmission (Dalziel et al., 2018; Geoghegan et 
al., 2018; Gog et al., 2014). Work by Dalziel et al. (2018) demonstrated persistent geographic 
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differences among 603 cities in the United States across influenza seasons and identified both 
climate and population interconnectivity as drivers of influenza transmission. Their observation 
that population density modifies the effect of climate on influenza transmission was consistent 
with the findings of continental synchronicity of seasonal and pandemic influenza outbreaks over 
10 years by Geoghegan et al. (2018) in Australia, a continent of similar size and climatic 
diversity to the United States with significantly lower population density. 
Social network density has also been found to play an important role in the speed of 
influenza transmission and the level of diffusion reached within a community. Wider spread of 
influenza has been shown to depend on the density and type of social interactions occurring in 
schools, workplaces, and public settings (Aiello et al., 2016; Glass & Glass, 2008; Newman & 
Girvan, 2004). On a more local scale, secondary transmission of influenza within households and 
shared living spaces has been demonstrated to be important in the chain of transmission of the 
influenza virus (Aiello et al., 2010; Aiello et al., 2012; Aiello et al., 2016; Cowling et al., 2009; 
Mossong et al., 2008; Viboud et al., 2004). Social distancing has been explored to some effect by 
Aiello and colleagues (2016), to reduce transmission in public and group-living settings such as 
college dorms. This, in addition to non-pharmaceutical interventions including hand hygiene and 
the use of face masks seems to be somewhat effective but relies heavily on consistent individual 
application (Aiello et al., 2010).  
 Particularly intense transmission of influenza has been observed among groups of 
school-aged children (Cauchemez et al., 2011; Cauchemez, Valleron, Boëlle, Flahault, & 
Ferguson, 2008; Charaudeau, Pakdaman, & Boëlle, 2014; Gemmetto, Barrat & Cattuto, 2014; 
Gog et al., 2014; Wang et al., 2014). The importance of social networks in this particular group 
is highlighted by the finding that influenza spreads most intensely between boys and other boys, 
 24 
assorted by grades and classes (Cauchemez et al., 2014). Gemmetto, Barrat & Cattuto (2014) 
modeled targeted class closure vs. school closure and found that targeting individual classes 
whenever at least two individual children were infected with influenza was sufficient to prevent a 
severe outbreak at the school level and decreased the attack rate by up to 70%.   
Ewing, Lee, Viboud, and Bansal (2016) discussed the importance of school transmission 
to the wider influenza epidemic in the United States by examining the influence that widespread 
school closure has on medically attended Influenza-like Illness (ILI) visits in the United States. 
Their findings suggest that influenza transmission was reduced in scale during the holiday 
season, thereby delaying the seasonal peak incidence. Further, disease risk was shifted towards 
adults, suggesting that in the absence of age specific contact mixing, increased contact time 
within families was resulting in household associated spread during the holiday season (Ewing, 
Lee, Viboud, & Bansal, 2016). 
This high intensity of transmission is believed to be associated not only with high contact 
rates in schools but also poor application of hand hygiene and social distancing among children. 
School closings, and targeted class closings have been investigated as mechanisms to improve 
social distancing during influenza outbreaks to reduce transmission in this group (Gemmetto et 
al., 2014). 
Population mobility influences Influenza transmission. It has become well accepted 
that international air-travel plays an important role in the global spread of both seasonal and 
pandemic influenza (Brockman & Helbing, 2013; Chan, Holmes, & Rabadan, 2010; Lemey et 
al., 2014; Russell et al., 2008). Similarly, some evidence has emerged to suggest that domestic 
airline travel also influences transmission of circulating influenza within the United States 
(Balcan, Colizza, Goncalves, Hu, Ramasco, & Vespignani, 2009; Bozick & Real, 2015; 
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Brownstein, Wolfe, & Mandl, 2006). While many of the studies relied upon modeling 
parameters to estimate the impact of domestic airline travel on influenza dissemination, 
Brownstein, Wolfe and Mandl (2006) used empirical data investigate the impact of domestic 
airline travel volume on inter-regional dispersal of seasonal influenza. Their investigation used 
weekly influenza and pneumonia mortality data collected by the CDC from 1996 to 2005, and 
government estimates of weekly passenger air-traffic volume to estimate the impact of 
fluctuations in inter-regional airline travel on the timing of the seasonal peak in influenza 
mortality in major U.S. cities. Their dataset included 396,506 deaths over nine influenza seasons, 
and controlled for dominant circulating influenza strain, national average winter temperature, 
minimum mean temperature per winter period, and monthly average temperature. Their model 
predicted that domestic interregional airline passenger volume explained about 60% of variation 
in interregional influenza spread between seasons and 59% of inter-seasonal variation in timing 
of the pneumonia and influenza mortality peak (Brownstein, Wolfe, & Mandl, 2006).  The 
authors emphasized the importance of domestic airline travel volumes between September and 
November as drivers of the epidemic. Further, they observed a significant delay in the peak of 
the epidemic in February 2002, which the authors attributed to significantly reduced domestic 
airline travel in the months following the terrorist attacks that occurred on September 11th, 2001. 
To validate this observation, the authors examined corresponding data from France during the 
same time period and found no change in the French timing of peak mortality (Brownstein, 
Wolfe, & Mandl, 2006).  
Charu et al. (2017), however, found little impact of domestic air-travel on dispersal of 
influenza in their analysis of high-level medical claims data of medically attended cases of ILI 
between the years of 2002 and 2010. Their model instead supports the hypothesis that human 
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mobility drives the invasion and reinvasion of seasonal influenza into cities in the United States 
(Charu et al., 2017). They found that the rate of transmission between infected and uninfected 
cities decays as geographic distance increases. In their model, air traffic accounted for between 
one and five long range transmission events per epidemic, while the bulk of transmission 
occurred due to work commutes (Charu et al., 2017). This study’s conclusions were limited by 
lack of fine resolution geographic data of influenza incidence, as incidence data was aggregated 
by three-digit zip codes of the reporting physicians’ offices, and by the claims data’s inability to 
distinguish influenza from other respiratory illnesses that might have been caught under the 
umbrella of ILI.  An ecological study by Charaudeau, Pakdaman, and Boelle (2013)  
corroborated these findings, observing that areas that were strongly linked by work and school 
commuters synchronously experienced significantly higher numbers of general practitioner (GP) 
visits for ILI  as early as 8 weeks before the national epidemic peak, and experienced them most 
strongly one to three weeks before the national epidemic peak, on average over 25 influenza 
seasons. This study which used data collected by the Sentinelles network in France, was able to 
distinguish between the effects of school-aged children and adult commuters, finding the effect  
of spatial autocorrelation linked to commuting movements of school aged children was stronger 
than the effect of adult commuters (Mantel’s correlation= 0.069 for work commuting and 0.060 
for school commuting, p<0.001; Charaudeau, Pakdaman, & Boelle, 2013).  
Based on the weight of evidence, it seems plausible that domestic airline travel could 
influence events where novel strains are newly introduced into naive populations. It also seems 
plausible that some of the synchronicity of epidemic peaks in highly connected cities (such as 
airline hubs) could conceivably be influenced by passenger travel, as suggested by Geoghegan et 
al. in Australia (2017). However, it seems likely that the bulk of local spread is more likely to be 
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driven by localized patterns of work related travel (commuting) based on the differences in scale 
of the population involved, the biological routes of influenza transmission, and the evidence of 
non-synchronous seasonal epidemics in the United States.  
Interestingly, these findings, and others have resulted in an increased awareness that 
urban planning influences disease transmission. Scientists and urban planners have been 
increasingly interested in modeling and investigating urban planning strategies to further validate 
these associations and develop potential interventions to reduce the spread of different types of 
infectious disease (Vazquez-Prokopec et al., 2013).  
Temperature and humidity alter Influenza transmission rates. Climatic factors 
including temperature and humidity have been shown to alter influenza incidence, with cooler 
temperatures and low humidity increasing influenza risk through enhancement of viral stability 
in the environment and improved aerosol transmission (Dalziel et al., 2018; Huang, Milinovich, 
& Hu, 2017; Roussel, Pontier, Cohen, Lina, & Fouchet, 2016; Shaman & Kohn, 2009). This 
association seems to be complex and may be mediated by population mobility and density. Work 
by Viboud and colleagues (2006) seems to suggest a complex interplay between transmission 
along social networks and the effects of climate, indicating that conditions that promote high 
transmissibility allow influenza to spread beyond regional boundaries and permit simultaneous 
epidemics over significant geographic distance. Their analysis of 30 years of seasonal influenza 
mortality data suggest that regional transmission of influenza A correlates most closely with 
rates of movement of people to and from their workplaces, however climate drives the observed 
interstate synchronicity of influenza epidemic peaks in populous states (Viboud et al., 2006). In 
contrast to the laboratory experiments conducted by Shaman et al., (2009) which found that 
absolute humidity was important for influenza virus transmission, the results described by 
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Lowen, Mubareka, Steel, & Palese (2007) suggest that relative humidity, rather than absolute 
humidity was more important to increased influenza transmission. These results also emphasize 
the importance of cold temperatures in viral shedding, describing a 40 hour increase in duration 
of peak viral shedding among infected guinea pigs housed at 5 degrees Celsius compared to 
those housed at 20 degrees Celsius (Lowen, Mubareka, Steel, & Palese, 2007).  
Dalziel et al. (2018) reported that the role of air temperature and humidity in increased 
incidence of influenza transmission was less relevant to densely populated urban settings, where 
higher contact rates occurred, which is consistent with Shanan and Kohns’ (2009) proposed 
mechanism for increased environmental survival driving the risk difference but may be more 
meaningful in areas with lower population density. This modification of the effect of climatic 
forcing suggests that urban centers outside of geographic areas of peak risk due to climate are 
still important targets for public health interventions, and that circulation in urban settings may 
continue past the period of peak temporal risk due to climate in urban centers of sufficient 
population density and connectivity.   
There has been a growing interest in the role that indoor air temperature and humidity 
may play in enhancing or reducing airborne transmission of influenza, both in public spaces, and 
within households (Koep et al., 2013; Moon, Huh, & Jeong, 2013; Myatt et al., 2010; Yang & 
Marr, 2011). Higher levels of humidity reduce influenza transmission efficiency by swelling 
droplet nuclei-size. Larger, heavier droplets remain airborne for less time and travel shorter 
distances than smaller droplets, significantly reducing the infectious potential of a single cough 
or sneeze in a humid environment (Shaman et al., 2009).  
Koep and colleagues (2013) found that the use of commercially available humidifiers in 
school classroom settings was able to increase indoor absolute humidity by four millibars, 
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sufficient to decrease 1 hour viral survival by up to 30% for influenza viruses. Myatt et al. (2010) 
measured the potential benefit of small portable humidifiers in residential settings and found that 
the 1 hour airborne influenza virus survival could be reduced by 17.5-31.6% in the bedroom, 
which could be improved by up to 12% if the apartment had sufficient air circulation.   
 Air temperature and humidity indoors are modifiable factors, however, homes with 
insufficient insulation, old or worn heating systems, or insufficient financial means may struggle 
to maintain temperatures and humidity levels that discourage environmental influenza 
persistence during winter months, potentially increasing the risk of secondary transmission to 
other members of the household.  
 Individual Host Susceptibility and Population-level Immunological Landscapes Impact 
Influenza-associated Morbidity and Mortality 
While annual influenza outbreaks are driven in many ways by factors influencing 
transmission, factors influencing individual and population-level susceptibility are important 
drivers of the morbidity and mortality burden of seasonal and pandemic influenza.  In any given 
year, population level susceptibility to a given strain of influenza can vary. The age structure, 
immunological status, the proportion of the population with prior exposures to the circulating 
strain, the proportion of the population covered by the current vaccine, the influenza vaccination 
history of the individuals making up the population, and the local prevalence of comorbid 
conditions can all influence the morbidity and mortality burden that influenza has on a 
community.   
In the United States, it is clear that these risks are not evenly dispersed. Influenza 
incidence in the United States is difficult to measure due to the low rates of testing for influenza 
and lack of uniform reporting. Age-adjusted influenza and pneumonia mortality rates are 
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historically higher among Non-Hispanic African Americans than Non-Hispanic Whites 
(Blumenshine et al., 2008; Hutchins et al., 2009). While the gaps in age-adjusted pneumonia and 
influenza mortality rates have generally declined, gaps among highly vulnerable groups remain 
significant. Death records from the National Vital Statistics System showed that in 2009, Non-
Hispanic African American children under the age of 5 were twice as likely to die from influenza 
and pneumonia as Non-Hispanic White children (2.6 per 100,000 compared to 1.2 per 100,000), 
and African American adults 65-84 years of age were 10% more likely to die from influenza and 
pneumonia than Non-Hispanic Whites in the same age bracket (Hutchins et al., 2009).  
Vaccination status and immunological status drive these differences, however age, previous 
infection, environmental conditions and exposures, and current health can influence both of these 
factors.   
Immune landscapes and differential age-based influenza risk. As highlighted by the 
high rate of influenza transmission from student to student section, differential immunity within 
different age brackets of the population is an important individual and community risk factor 
(Cordoba & Aiello, 2016; Beaute et al., 2015; Kostova et al., 2013). Highest incidence and the 
highest rate of severe outcomes associated with influenza tend to occur among the youngest and 
oldest in a given population. Children under the age of one and adults over the age of 65 are 
typically most vulnerable to severe outcomes including hospitalization, longer length of 
hospitalization, admission to an intensive care unit, or death. Depending on the season, adults 
over the age of 65 account for 54–70% of hospitalizations and 71–85% of deaths in any given 
year (Nunez et al., 2017).  
 In part, these differences could be due to differences in strain susceptibility by age. 
Beaute and colleagues (2015) examined serologic tests collected during the 2012-2013 by the 
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European Influenza Surveillance Network (EISN) stratified by age and found striking differences 
in the frequency of influenza B viruses among cases aged five to fourteen. More than 75% of 
these samples tested positive for influenza B compared to an even distribution of influenza A and 
B circulating among all other age groups during this season.  While this was an unusual season, 
in that influenza B is generally less prevalent among positive cases of influenza, it does highlight 
the importance of differential susceptibility among differing age groups.   
Further, Nunez and colleagues (2017) described age as independently important in the 
strength and durability of the immune response mounted upon vaccination with the Fluzone 
(Sannofi-Pasteur) vaccine. Exposure history also played a role in the vaccine derived antibody 
response the group observed. Blood from individuals over the age of 40 was exposed to pre-1957 
strains of H1N1, and the authors found evidence of ‘back-boosting’ that resulted in the new 
vaccine ‘boosting’ pre-existing immunity to historical strains. They hypothesized that this 
boosting of pre-existing immunity among older (but not younger) volunteers was due to shared 
antigenic domains between the H1N1 component in the vaccine and the pre-1957 strains (Nunez 
et al., 2017).  This observation was corroborated by findings from the household cohort study by 
Kucharsk and colleagues (2015) which found evidence for “antigenic seniority”, or what they 
described as an increase in antibody titers against strains that an individual has been previously 
infected with following infection with a novel strain. Other studies, including one by Ohmit and 
colleagues (2014) seem to support this finding to some extent, but suggests that the relationship 
between prior vaccination and current vaccination may be complicated by age.    
A Vaccine Effectiveness (VE) trial by Ohmit and colleagues (2014) on the 2012-2013 
influenza season identified that prior vaccination may reduce VE of current seasonal influenza 
vaccine. Both VE data and serologic data from this trial suggest that children over the age of six 
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who did not receive a vaccine in the 2011-2012 season were significantly more protected against 
the influenza A strains circulating that year than children who received influenza vaccination in 
both the 2011-2012 and 2012-2013 seasons, in contrast to the assumption that vaccination is 
effective in preventing influenza. The authors of this study suggest that receiving prior 
vaccination may have impacted the VE of a given year’s influenza vaccine through both residual 
protection against domains shared across the two vaccines and reduced induction of immune 
response to the vaccine (Ohmit et al., 2014). This relationship appears to be complex, but the 
authors suggested that despite this reduction in annual VE, their data still supports universal 
receipt of the influenza vaccination annually and suggests a need for further research in this area 
(Ohmit et al., 2014). 
Differential susceptibility at the individual level can come from differences in age, which 
in many cases drives prior exposures to influenza, differences in vaccination history, and level of 
immunosuppression due to comorbidities. At the population level, these differing susceptibilities 
have become known as an immune landscape (Kostova et al., 2013; Lessler, 2014).    
Identification of social determinants of influenza co-morbidities and severe illness 
outcomes. As far back as the 1918 influenza pandemic, substantial differences in morbidity and 
mortality rates have been observed. While much of the literature focused on this differential 
mortality examines contact rates, mobility, weather, and age specific mortality, a growing body 
of literature has also set out to address the potential impact that sociodemographic factors may 
have had on areas of excess mortality. In a study of 7,971 pandemic influenza deaths over a 
seven week period in the spring of 1918, and census-block level data from the 1920 census, 
Grantz and colleagues (2016) found a significant association between influenza mortality and 
census-block level illiteracy rate, when controlling for home ownership, unemployment and 
 33 
population density. For every 10% increase in the illiteracy rate, the block experienced a 32.3% 
increase in influenza mortality (95% CI 22.2%, 43.0%). Age was considered as a confounder, 
and increases in proportions of the population in a given census block over the age of 45 was 
also statistically associated with higher mortality in the census block. Similarly, Memelund 
(2006) found excess mortality due to pandemic influenza could be predicted based on apartment 
size and prestige of the location when age, sex, and marital status were controlled for in the 
Norwegian capital city of Kristiania. The association with apartment size in addition to lack of 
consideration of household size in this study may have been a problem as other studies have 
identified overcrowding to be a risk factor for influenza transmission (Gantz et al., 2016; Oxford 
et al, 2002).  Other studies have pointed towards hunger and overcrowding as potential causes of 
geographically disproportionate mortality during the 1918 pandemic (Oxford et al., 2002). 
More recently, a case-control study in Spain of hospitalizations for influenza during the 
2009 pandemic found that ethnicity, education level, overcrowding (in patient’s home), one or 
more underlying comorbidities, and lack of accessing previous preventative information were 
significantly predictive of hospitalization given that cases and controls had all previously tested 
positive for influenza (Mayoral et al., 2013). Chronic illnesses such as asthma, cardiac disease, 
immunosuppression, diabetes mellitus, and renal disease, diseases strongly associated with 
poverty have also been recognized as key predictors of adverse influenza outcomes including 
hospitalization and death (Dawood et al., 2009; Fiore et al., 2009; Louie et al., 2009). 
Additionally, a growing literature has begun linking obesity with more severe outcomes after 
hospitalization (Louie et al., 2009). These complications tend to be more severe with advancing 
age and appear to have more significant influences on patient outcomes among adults over the 
age of 50 (Louie et al., 2009).  
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Air pollution alters individual influenza risk. Exposure to environmental pollution, and 
in particular, indoor and outdoor air pollution, has been identified by a number of studies as a 
significant risk associated with residence in neighborhoods with severe material deprivation  
(Bell et al., 2012; Crous, Ross, & Goldberg, 2009; Morelli, Rieux, Cyrys, Forsberg, & Slama, 
2016) . These neighborhoods and communities are often current or former manufacturing 
centers, may be located near high traffic transportation corridors, or may be located in the 
vicinity of coal-fired power stations, all of which pose risks for known air pollutant exposures 
(Bell et al., 2012; Crous, Ross, & Goldberg, 2009). Baily, Dong, Minton, & Pryce (2018), 
however, contested the association between environmental air pollution exposures and material 
deprivation, citing the increasing gentrification among many inner-city neighborhoods, and call 
for a more nuanced look at the effects of air pollution on the health of these populations.  
The relationship between air pollution and influenza has been the topic of many studies, 
and the effect of air pollution on influenza risk seems to be significant (Chen et al., 2017; Feng, 
Li, Sun, Zhang, & Wang, 2016; Kalpazanov, Stamenova, & Kurchatova, 1976; Liu et al., 
2018Wang et al., 2016). A study of air pollutants in Sofia, Bulgaria for flu seasons 1972-1973 
and 1974-1974 described the effect that daily concentrations of nitric oxides, oxidants, 
formaldehyde, and sulfur dioxide had on influenza like illnesses (ILI). They reported significant 
positive correlations between higher levels of nitric oxides, and formaldehyde in the two days 
prior and report of an infection. Sulfur dioxide and dust (particulate matter) showed acute effects, 
increasing reporting on the days that their levels were elevated. The level of oxidants was found 
to be inversely proportional to ILI reports, and the authors controlled for air pressure, 
temperature, and relative humidity (Kalpazanov, Stamenova, & Kurchatova, 1976).  
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While the Kalpazanov, Stamenova, and Kurchatova (1976) study did not differentiate 
between small and larger particulate matter sizes, a newer study by Liu and colleagues (2018), 
suggests that this is an important difference. In their study, conducted in Hefei, China, they 
compared ILI reports and laboratory confirmed cases of influenza based on their relationship 
with weekly averages of air pollution concentrations. Their findings suggested that while PM10 
concentration was negatively associated with laboratory confirmed influenza cases, RR= 0.813 
(95% CI, 0.755, 0.875), PM 2.5 levels were significantly associated with laboratory confirmed 
influenza, 1.216 (95% CI, 1.134,1.304), meaning that some of the earlier studies that only 
considered larger particulate matter sizes may have been biased towards finding a smaller 
association between influenza and particulate matter than was truly present. This study further 
describes that while weekly average SO2 had no association with ILI, higher levels were 
significantly correlated with rates of laboratory confirmed ILI, and all results controlled for 
temperature and relative humidity (Liu et al., 2018).  Feng, Li, Sun, Zhang, and Wang (2016) 
described a similar pattern of PM 2.5 influencing influenza incidence in Hong Kong but found 
that the effect is only significant during flu season, suggesting that a relatively high rate of 
influenza circulation in a population is necessary for the effects of air pollution on incidence to 
be detectable using currently available surveillance methods.  
While Liu et al. (2018) find that the association between laboratory confirmed cases 
based on weekly averages of air pollution levels, a study by Chen et al. (2017) suggested that a 
two to three day lag in PM 2.5 was clinically important. This large multi-site study further 
estimated that 10.7% of incident influenza in China can be attributed to exposure to ambient PM 
2.5. While this is a large claim, it may overestimate the effect size as the study considers both 
clinically diagnosed and laboratory confirmed influenza as influenza (Chen et al., 2017).  A 
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paper by Chen et al. (2018) described age group-specific disparities and geographic 
heterogeneity in the impact of fine particulate matter in Taiwan, finding that the effect of air 
pollution on increased incidence is strongest in urban centers, and among adults over the age of 
65.  
In addition to the effects of outdoor air pollution, indoor air pollution has also been 
shown to increase individual risk if contracting influenza. Smoking in the home and air pollution 
generated by burning fuel for cooking are important sources of indoor air pollution in much of 
the world. Smoking in the home (RR= 1.9, 95% CI: 1.2, 3.0) was found to be important in 
secondary influenza infection among children in low income households in Bangladesh (Weaver 
et al., 2016). Further, cooking smoke has also been implicated in a study by Wang et al (2014), 
which suggests a dose dependent response in the relationship between the use of coal combustion 
for cooking in increasing incidence of influenza like illness in housewives in Shanxi Province in 
China, but this study is limited by its reliance on ILI reports. Finally, air pollution, indoor and 
out, has been identified to exacerbate known influenza co-morbidities, including asthma, chronic 
obstructive pulmonary disorder (COPD), and type two diabetes leading to potentially greater 
proportions of individuals living in areas with high levels of air pollution to experience  more 
severe outcomes from influenza infection such as hospitalization, severe illness, and death 
(Biggerstaff, Jhung, Reed, Fry, Balluz, & Finelli, 2014; Cordoba & Aiello, 2016; Neuzil, Wright, 
Mitchel, & Griffin, 2000; Louie et al., 2009; Morgan et al., 2009).  
Little work appears to have been done investigating influenza incidence rates among 
individuals with known comorbidities associated with air pollution exposure and this area may 
be a rich field for future research. 
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Chronic Stress alters host immune response and increases susceptibility to 
Influenza. Chronic stress is a state of prolonged psychological distress that produces a 
physiological response (Cohen, Doyle, & Skoner, 1999). The response is far-reaching and is 
known to disrupt the endocrine system, leading to the release of excess quantities of 
corticosteroids, which, over time can do damage across vital organ systems, including the 
cardiovascular system and pulmonary system, leading to significant deterioration of overall 
health (Cohen, Doyle, & Skoner, 1999; Karpati et al., 2002; Steproe & Feldman, 2001). 
Immunosuppression caused directly by chronic stress has been implicated in increasing the 
production of cytokines, worsenting the severity of a number of upper respiratory illnesses, 
including influenza (Cohen, Doyle, & Skoner, 1999). 
At the community level, material deprivation, high crime rates, lack of opportunities for 
gainful employment, vandalism, segregation, and violence have been identified as sources of 
chronic stress related to poorer health outcomes (Karpati et al., 2002). Therefore, it is not entirely 
surprising that in Canada, where healthcare and vaccinations are at least nominally universally 
available, materially deprived neighborhoods report significantly higher healthcare utilization for 
influenza like illness (Charland et al., 2011).  Chronic stress has also been identified as a source 
of immune dysfunction, and a literature has developed around the failure of immune systems to 
induce antibodies appropriately in response to the influenza vaccinations (Burns st al., 2005; 
Cohen, Doyle, Skoner, 1999; Kiecolt-Glasser et al., 1996; Segerstrom & Miller, 2004; Steproe & 
Feldman, 2001).   
 In addition to the other identified health effects, individuals who report chronic stress are 
at higher risk for immunosuppression, asthma, COPD, obesity, and diabetes, comorbidities that 
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have been linked to more severe influenza outcomes (Cordoba & Aiello, 2016; Steproe & 
Feldman, 2001; Salleh, 2008).  
Subjective Social Status influences individual Influenza risk. The use of subjective 
social status is a measurement tool to evaluate how people perceive themselves on a social 
hierarchy and the resulting measure has been associated with a variety of health outcomes. The 
nine step ‘ladder’ that is most commonly used was developed by Adler (2009) and asks users to 
rank themselves in relation to others living in the United States on a variety of socially salient 
factors, including income, education and occupation/occupational status. The self-ranking system 
has been correlated both to respiratory health and to biological responses to rhinovirus and 
influenza challenge. Cohen et al (2008) had 193 healthy volunteers aged 21-55 evaluate 
themselves on subjective social status, and then evaluated their socioeconomic status, cognitive, 
affective and social dispositions, and health practices. Each of the volunteers were then exposed 
to either rhinovirus or influenza via nasal drops and they were monitored for symptoms in 
isolation. When objective socioeconomic status, cognitive, affective and social dispositions, and 
health practices were controlled for, individuals who ranked themselves lower on the subjective 
social status metric were significantly more likely to become ill (Cohen et al., 2008).  
Findings from a prospective cohort study of 1,373 women and 346 men working as 
healthcare personnel corroborated the findings from Cohen et al., (2008) that subjective social 
status predicted febrile acute respiratory illness, however this finding was only statistically 
significant among women when demographics, occupational status, health, and health behaviors 
were controlled for (Thompson et al., 2014). The generalizability of this study may be somewhat  
limited by the comparatively low number of men recruited for this study. While the age, race, 
ethnicity, are similar between men and women in this study, the proportion reporting poor, good 
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or fair self-rated health is much higher among women (20.0%) compared to men (12.4%) who 
were much more likely to report their health status as ‘very good’ or ‘excellent’ which may 
impact the internal validity of this study because self-rated health was statistically correlated 
with number of ARIs experienced among both men and women. Finally, generally high 
socioeconomic status of the healthcare personnel involved may also limit the external 
generalizability of the population being studied.   
While little research in this field has specifically addressed influenza, and further study is 
needed, the findings presented are a compelling in that they highlight the potential importance 
that perception may play in health status. Mechanistically, this may occur if subjective social 
status is linked to the chronic stress and its associated proinflammatory pathways and immune 
dysregulation, meaning that individuals who experience socioeconomic disadvantage as a form 
of chronic stress may be at increased risk for respiratory illnesses, including influenza.   
Social Determinants of Influenza can impact access to preventative care. Much of the 
research regarding access to preventative care with regards to influenza focuses on the factors 
which influence vaccine access and acceptance. Malosh and colleagues (2014) examine the 
factors which encourage or discourage parents living in community settings from seeking 
vaccines for their children and find that cues to action from a physician and high perceived 
benefits of influenza vaccination strongly predict vaccination and intention to vaccinate. Work in 
Canada and Brazil has examined the effectiveness of enabling free vaccination to all, or specific 
subsets of their populations (Autunes et al., 2007; Charland et al., 2011). Malosh and colleagues 
surveyed parents during the 2010-2011 influenza season as part of the Household Influenza 
Vaccine Effectiveness (HIVE) Study to investigate barriers and enabling factors leading to 
vaccination among their study population. The responses from 549 adults representing 312 
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participating households were evaluated using log binomial regression models to evaluate what 
factors lead to or limited vaccine receipt among children in these households. The results from 
this prospective cohort of households with children indicate that higher perceived barriers, lower 
perceived benefits to vaccination, and reduced perception of severity of influenza made them less 
likely to vaccinate their children (Malosh et al., 2014). This focus suggests that the better 
information parents have access to regarding the benefits of vaccination, the more likely they are 
to make the effort to vaccinate their children annually.  
Access to publicly funded influenza vaccination for all adults over the age of 65, which 
resulted in approximately 650,000 individuals getting vaccinated annually in Sao Paulo, Brazil 
resulted in a 23.6% decrease in Pneumonia and Influenza mortality in this age group (Autunes et 
al., 2007). Encouragingly, this decrease in mortality was found to be greater still among residents 
in areas of the city that were considered socioeconomically disadvantaged.  
However, other researchers have emphasized the importance of access to other primary 
and tertiary preventative measures including ability to apply non-pharmaceutical measures, such 
as hand-washing, mask wearing, and social distancing techniques. Supportive workplace and 
school policies towards enacting social distancing techniques have been repeatedly emphasized 
in the literature (Aiello et al., 2012; Cordoba & Aiello, 2016; Blumenshine et al., 2008; Cowling 
et al., 2009). Access to tertiary preventative measures, such as the receipt of antivirals to shorten 
the duration of the infections period, which reduce the risk of severe outcomes and the duration 
of viral shedding, reducing secondary transmission of the virus, among individuals who are 
materially disadvantaged or living in areas that are materially disadvantaged is also a concern 
(Blumenshine et al., 2008; Biggerstaff et al., 2014; Charland et al., 2011). 
 41 
Nutrition and Obesity affect individual Influenza risk, increase risk of adverse 
outcomes and may increase risk of secondary transmission. Increasingly, obesity has been 
identified as a risk factor for more severe influenza outcomes (Van Kerkhove et al., 2011; 
Mancuso et al 2012; Maier et al., 2018). A global pooled analysis by the World Health 
Organization that considered outcome data from more than 70,000 laboratory confirmed cases of 
2009 pandemic H1N1 collected between April 1, 2009 and January 1st, 2010 indicated that the 
proportion of cases who were clinically obese (BMI>30) increased as disease severity increased, 
and that morbid obesity (BMI>40) greatly increased the risks of admission to an ICU (RR= 15.0, 
95% CI: [9.5,20.4]) and death (RR= 36.3, 95% CI: [22.4, 50.1]) (Van Kerkhove et al., 2011).  
While this evidence is compelling, the RR for individuals who were moderately obese (BMI 30-
40) did not have a statistically significantly increased risk for hospitalization (RR=0.6, 95% CI: 
[0.2,1.8]) or death (RR= 1.5, 95% CI: [0.9, 2.8]) associated with influenza than those of a healthy 
weight (Van Kerkhove et al., 2011). Some additional work suggests the possibility that being 
slightly overweight confers a moderately protective effect against secondary bacterial 
pneumonia, which may explain some of the difference in ICU admission and mortality despite 
increased risk of influenza incidence and severe illness (Nie et al., 2014).  
 The potential risk that obesity confers for influenza incidence is thought to be due to 
immune dysregulation. Murine models have shown that adipose tissue that accumulates due to 
overnutrition produce an excess of proinflammatory cytokines (TNF-α, IL-6, IL-1β, IL-18, 
MCP-1), proinflammatory adipokines such as leptin and resistin while producing insufficient 
quantities of anti-inflammatory adipokines (Mancuso, 2011).  The systemic inflammation that 
this state of imbalance produces can result in oxidative stress, leptin resistance and lipotoxicity, 
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all of which can impair both the innate and adaptive immune responses necessary to successfully 
fight off infection (Mancuso, 2011).  
 Beyond increasing susceptibility to community acquired respiratory infections, including 
influenza, this state of immune dysregulation also appears to impact the response to vaccination 
(Sheridan et al., 2012). While increasing BMI correlates with increased antibody response to 
influenza vaccination initially, obesity also appears to impair the ability of obese individuals to 
maintain strong influenza antibody titers 12 months after vaccination, particularly among the 
elderly (Sheridan et al., 2012). In this study, 50% of individuals BMI>30 had a 4-fold drop in 
HAI titer compared to 25% of individuals of a healthy weight (18<BMI<25) (Sheridan et al., 
2012). The marked difference in long term effectiveness of vaccination among individuals who 
are obese is a significant risk factor that, depending on vaccine efficacy, could substantially 
disadvantage this population, particularly in the interval period between vaccination cycles. 
Additionally, researchers working on a household cohort study based in Managua, 
Nicaragua found that the altered immune response to influenza infection among obese adult 
participants lead to a 42% longer duration of viral shedding among those who were infected with 
influenza virus A (adjusted ETR=1.42, 95% CI, 1.06–1.89) with predicted mean shedding times 
of 5.23 days versus 3.68 days (Maier et al., 2018). No association between shedding duration 
was found in Influenza B infected individuals, nor was there an association between shedding 
duration in children under the age of 18. Children included in this sample had relatively low rates 
of obesity (2-4% compared to 42% among adults) and all children shed for a longer period than 
adults (mean 7.2-7.7 depending on age) (Maier et al., 2018).  Interestingly, in this study, obesity 
prevalence among secondary cases mirrored obesity prevalence in the study population, 
indicating that individual obesity did not increase risk of becoming infected (Maier et al., 2018).   
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In sum, obesity increases individual risk for contracting influenza directly through 
dysregulation of the immune system, and indirectly through a reduction in long term efficacy of 
the influenza vaccine. Morbid obesity significantly increases the risk of severe morbidity and 
mortality associated with influenza. Finally, obesity in adults also increases the duration of viral 
shedding, potentially increasing the risk of transmission to others.  
The microbiome-immune-host interface may play a role in Influenza incidence and 
outcomes. One emerging field in influenza research is focused on examining the relationship 
between host susceptibility to influenza and their environment that is mediated by the interface 
of the microbiome and host immune system. Currently, the literature base involved in this field 
or research is small but growing. Initial evidence that the respiratory microbiome is important for 
the activation of host defenses came from early murine studies indicating that in the absence of 
neomycin sensitive members of the commensal respiratory microbiome, murine hosts were 
unable to correctly regulate the production of influenza specific CD4 and CD8 T cells (Ichinohe 
et al., 2011). Other studies by Abt et al. (2012) further confirm the role of the commensal 
microbiome in activating the mucosal immune system following the introduction of an influenza 
A virus. In this study, mice treated with antibiotics experienced significantly higher levels of 
bronchial tissue damage and mortality following influenza infection than untreated mice. 
Genome-wide sequencing of macrophages isolated from antibiotic treated mice displayed lower 
levels of expression of genes associated with antiviral immunity and were defective in their 
responses to IFNs type I & II (Abt et al., 2012). The respiratory microbiome is thought to be 
influential not only on individual host susceptibility to initial infection by influenza A virus, but 
is thought also to influence the rate of influenza virus shedding following infection, thus 
influencing the transmission into new hosts (Lee et al., 2019). Further, perturbations of the 
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respiratory microbiome, reducing the ability of the community to resist colonization by new 
microbes, is thought to play a significant role in the establishment of secondary bacterial 
pneumonia (Lee et al., 2016).  
Disagreement exists regarding the value of using lactobacillus based pro-and prebiotics 
to reduce influenza related morbidity and mortality. A series of mouse studies showed that nasal 
pretreatment with heat-killed lactobacillus casei strain DK 128 prevented mortality and reduced 
weight loss associated with influenza morbidity among BALB/c mice infected with a lethal dose 
of A/Philippines/82 (H3N2) (Jung et al., 2017). The authors found that the heat killed 
lactobacillus recruited alveolar macrophages and resulted in early IgG induction against 
influenza virus. The pre-treatment further resulted in a reduction in production of 
proinflammatory cytokines, reducing weight loss associated with severe influenza infection in 
these mice (Jung et al., 2017). While this evidence is striking in mice, in humans, however, 
evidence of the value of lactobacillus spp. supplementation as a probiotic against influenza 
infection seems somewhat thinner. Because it is unethical to introduce influenza into a 
vulnerable population, some studies have been evaluating antibody responses to vaccination as a 
proxy for immune response to infection (Yaqoob, 2017).  Bunout et al. (2002) tested antibody 
responses to an orally administered Lactobacillus paracasei probiotic among non-
institutionalized Chileans over the age of 70 for 12 months. They found, at 12 months that their 
test group experienced significantly lower rates of respiratory infections, but found no difference 
in antibody response generated against the influenza vaccine (Bunout et al., 2002).  
 From the trials that have occurred attempting to boost immune response against 
influenza vaccines among older adults, the strain, dose, and route of administration of the 
probiotic, as well as the underlying immune state of the host all contribute to the effect-size 
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observed. There may be a role for pro and prebiotics eventually in enhancing vaccination 
response and potentially protecting vulnerable populations against influenza related morbidity 
and mortality, but significant work needs to be done to determine which strains are most 
effective, and in what contexts they provide the best protection. What is clear from these studies 
is that the gut and respiratory microbiomes play a role in modulating the host immune response 
to infection by influenza, and may play a role in colonization resistance against secondary 
bacterial pneumonia, one of the more severe outcomes of influenza, and a leading cause of 
influenza associated mortality. Also clear, is that the host environment plays a role in selection 
and maintenance of the microbiome. Therefore, it seems that the microbiome, and its’ associated 
metabolome, play a bridging role between the host’s immune system and environment, making it 
a potentially important mediator of between social determinants of health at the environmental 
level and influenza incidence, as well as associated morbidity and mortality.      
Infectious Disease at the Neighborhood Level: A Discussion on Scale and Hyper-local Risk 
Differences 
Early interest in measuring potential relationships between areas of residence and 
infectious disease risk stems from early work developing the Social Determinants of Health 
Theory. The theory suggests that some of the difference in individual risk for acute and chronic 
health conditions that cannot be explained by individual factors can be attributed to the built 
environment in which an individual resides, works, and participates in activities. In the 1980’s 
and 1990’s early secondary analyses of socioepidemiological risk factors for chronic disease, 
obesity and poor mental health relied on easily available measures of poverty, crowding, and 
educational outcomes that were available at the census tract, census block, and zip code level 
through the U.S. Census Bureau (Diez Roux & Mair, 2010). Neighborhoods, or more broadly, 
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areas of residence have come under study as likely influencers of individual and collective health 
because they serve as organizing structures for physical and social environment. Neighborhood-
level physical characteristics, such as walkability, the availability of green-space, the quality of 
housing stock, the concentration of civil and religious organizations which build social cohesion 
have all been shown to influence physical health and self-reported sense of wellbeing among 
residents (Anehensel & Sucoff, 1996; Berke, Gottlieb, Moudon, & Larson, 2007; Grafova, 
Freedman, Kumar, & Rogowski, 2009). 
In the United States, policies, such as the process of red-lining, have led to distinct 
patterning of location of residence by race, immigration status, income and social standing and 
have been shown to influence communicable as well as non-communicable health outcomes 
(Anehensel & Sucoff, 1996; Clayton, 2013; Diez Roux & Mair, 2010). Most infectious disease 
studies evaluating the impact of neighborhood factors, including influenza studies, tend to rely 
on the use of census data, while the field of non-communicable disease, which has more history 
has begun to develop alternative direct measures of neighborhood disadvantage (Clayton, 2013; 
Glezen et al., 2000; Levy et al., 2013; Thompson et al., 2011). Evidence has begun to accumulate 
in recent years, linking high levels of neighborhood-level socioeconomic disadvantage to lower 
rates of influenza vaccination, greater illness severity, as well as increased hospitalization and 
mortality related to influenza (Aiello & Cordoba, 2016; Clayton, 2013; Glezen et al., 2000; Jung 
et al., 2013; Levy et al., 2013; Yousey-Hindes & Hadler, 2011). These studies all relied on data 
available through the census bureau, and the authors’ choice to utilize indirect methods of 
evaluating neighborhood disadvantage, such as census data, is vulnerable to the selection of 
spatial resolution on the part of the investigator. Evaluation studies, such as the one by Krieger 
and colleagues (2003) have shown that the strength of the association between neighborhood 
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characteristics and health outcomes can be impacted by the choice of data resolution. 
Commonly, socioepidemiologists use zip code areas, census tracts, census block groups, and 
census blocks as standards for evaluation (Krieger, Waterman, Chen, Soobader, & Subramanian, 
2003). Typically, the greatest effect sizes are seen using the finest level of resolution available, 
so the use of census block level data is preferable to the use of larger, less homogenous 
groupings such as zip code level data because it can mask gradients of social disadvantage within 
their boundaries (Krieger et al., 2003).  
While the diversity of proxy measures of neighborhood level disadvantage used by 
socioepidemiological studies makes it difficult to compare studies directly, the weight of the 
evidence available about non-communicable disease suggests that there often are small, but 
statistically significant, effect sizes for the influence of neighborhood-level measures of 
socioeconomic disadvantage after individual characteristics are controlled for (Clayton, 2013; 
Diez Roux and Mair, 2010; Glezen et al., Krieger et al., 2003; Levy et al., 2013; Thompson et 
al., 2011).  
While less relevant at the individual level, when examined at the population scale, the 
influence of these small effects is magnified into additional cases of disease. When viewed 
through the lens that social policy, such as zoning laws and local infrastructure investments, has 
the capacity to alter physical, environmental, and social conditions at the neighborhood level this 
additional burden of morbidity and mortality becomes clearly preventable. The findings of this 
literature review suggest that the physical, social, and economic conditions that shape individual 
influenza risk also drive underlying comorbidities, immune status, access to healthcare resources 
and information, the intersection of which is illustrated in Figure 2.1. 
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Therefore, there is a strong public health impetus to gather better data to understand 
hyperlocal variability in infectious disease risk, particularly among seasonally endemic diseases 
such as influenza that have significant population-level morbidity and mortality burdens. 
 
Figure 2.1. Conceptual Diagram for Neighborhood Disadvantage and Primary and Secondary 
Influenza Incidence 
Conclusions 
In light of all of the evidence, a complicated picture of population level influenza 
incidence and severe outcomes driven by geographically differential population level 
transmission rates and susceptibility emerges. Some areas are repeatedly hit hard by seasonal 
influenza while others escape, and yet others are exquisitely vulnerable some years and not 
others. Viewed through the lens of the social determinants of health, this kaleidoscope of factors 
that shape geographically and locally disparate rates of influenza incidence start to form a more 
coherent pattern. The physical, social, and economic conditions that shape individual influenza 
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risk also drive underlying comorbidities, immune status, access to healthcare resources and 
information. 
The social determinants of health theory suggests that individual health is shaped by the 
conditions in which we live, and comorbidities for influenza, such as asthma, COPD, and 
diabetes are linked to living conditions, including housing quality, and exposure to indoor and 
outdoor air pollution. Other neighborhood level features including access to sufficient quantities 
of healthy food, and spaces to exercise influence community obesity rates, which this literature 
review has shown impacts influenza susceptibility, vaccine efficacy, and risk for adverse 
outcomes in a dose dependent manner.  
Housing quality, and heating insufficiency can result in colder, dryer homes, increasing 
the environmental stability of the flu virus, and the risk of transmission. Multigenerational and 
crowded housing also increases secondary infection risk. Further reliance on public 
transportation in the winter months, in urban areas in particular, increases social mixing 
increasing vulnerability to influenza infection. Communities with high proportions of 
commuters, and in particular school-age commuters are drivers of further social mixing, 
increasing risk of importation of the virus.  
Workplace policies particularly associated with shift work, and hourly positions can limit 
an individual’s ability to implement social distancing precautions when sick due to lack of paid 
time off, and financial vulnerability. They may have to send ill children to school because of lack 
of childcare or the ability to stay home.  
While a few of the population-level risk factors for influenza incidence and severe 
outcomes are difficult to influence, such as population level age structure and climate, many 
more of the risk factors described do have the potential to be altered in ways that reduce 
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community risk for influenza. A number of articles reviewed suggested that policies promoting 
increased availability of adequate housing, safe neighborhood spaces for exercise, reductions in 
community-level air pollution, reductions in commuting distances and promoting progressive 
labor policies such as paid time off have the potential to make communities more resilient 
against influenza. While these types of policies in some cases are being implemented in some 
local jurisdictions for other reasons, based on this literature review, they should also be evaluated 
to see if they do reduce community level influenza incidence and severe outcomes in practice 
settings.  
The majority of the literature reviewed studied the phenomena described above in 
isolation. There is a clear gap in the literature of studies that comprehensively assesses the 
potential for, and relative importance of interaction between the social determinants and 
influenza incidence. 
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Chapter III: Methodology 
Study Design and Justification 
The study design is a retrospective cohort study pairing secondary influenza incidence 
data from the Household Influenza Vaccine Effectiveness (HIVE) study with census block level 
data from the 2010 Census and American Community Survey (ACS).  
Study participants included a cohort of 1,341 individuals from 340 households who were 
recruited and enrolled between June and September of 2014. Eligible participants must have 
lived in a household with at least three members, at least two of which must have been under the 
age of 18 at the time of enrollment (Petrie et al., 2017). Households were selected from patients 
who had a primary care provider at the University of Michigan health system and households 
eligible to participate were initially contacted via mailer (Ohmit et al., 2013). An enrollment visit 
at the University of Michigan School of Public Health (UM-SPH) was offered to interested 
households where adults provided informed consent for themselves and their children to 
participate and children over the age of seven gave verbal assent (Ohmit et al., 2013).   
The choice to conduct this study as a secondary data analysis was intentional, allowing 
investigators to assess the outcome of primary or secondary influenza in a prospectively 
recruited cohort with a high level of discriminatory power and specificity due to the use of RT-
PCR as the diagnostic criteria for influenza. These methods allow this study to discriminate 
between influenza and other respiratory viruses that can fall under case definitions of influenza-
like illness but may behave differently due to biological differences in transmission. This 
specificity is important to the interpretation of the final results of this study as studies identified 
in the literature review that relied upon influenza-like illness reporting often had results that 
conflicted with studies that relied upon laboratory-confirmed influenza diagnosis as an outcome. 
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While there are strengths and drawbacks to both choices of outcome variable, this study’s use of 
a prospectively recruited cohort in which all ARIs were tested for influenza helped reduce 
reporting bias, in which more severe cases are more likely to be tested for influenza, one of the 
major limitations of population-level data on laboratory confirmed influenza rates.  
The choice to use ACS data as an indirect measure of neighborhood disadvantage was 
made to ensure temporality of the association between neighborhood level disadvantage 
observed and influenza infection. An additional advantage of this previously validated method is 
that it ensures study replicability as well as enables the potential for similar methods to be 
employed at other sites in the future.  
Instrumentation 
This is a secondary data analysis. Participant demographics, vaccine receipt, subjective 
social status, personal behavioral characteristics (including individual smoking, working outside 
the home), household behavioral factors (any smoking within household, humidifier use, 
household children attending school or pre-school), and address were collected during participant 
enrollment in the HIVE 2014-2015 (Petrie et al., 2017). Investigators screened collected nasal 
and throat swabs for influenza via real-time reverse transcriptase polymerase chain reaction (RT-
PCR) using primers and probes developed by the Influenza Division at the CDC to detect 
influenza A and B virus. Testing was performed at the respiratory virus laboratory located at 
UM-SPH using the SuperScript III Platinum One-Step Quantitative RT-PCR system and an ABI 
7500 RT-PCR system platform (Life Technologies; Ohmit et al., 2013). 
This study uses data collected by the American Community Survey (ACS) for the 
calculation of a neighborhood-level z-score of social disadvantage, which will serve as an 
independent variable in this analysis. ACS instruments have been previously validated and are 
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available online at https://factfinder.census.gov/. This study selected the variables corresponding 
to housing quality, stability and crowding from the 2014 ACS to be included in the proposed 
study based on the factors identified during the literature review process as most substantially 
contributing to influenza incidence that could justifiably be contributing at the neighborhood 
level. Variables selected included percent non-Hispanic white, Hispanic, with more than high 
school education, with more than a bachelor’s degree, below poverty level, percent with at least 
one unemployed, with managerial occupation, with income at least $50,000, with interest, 
dividend, or rental income, with household with no telephone, with household with no vehicle 
maintained, and median household income. 
Data Collection  
HIVE Study Data Collection and Inclusion Criteria 
HIVE Study participants were recruited from among individuals who received primary 
care within the University of Michigan Health System in Ann Arbor, Michigan. Households that 
were eligible to participate contained at least four members who were willing to participate, at 
least two of whom had to be under the age of 18 at the beginning of the study period. 
Recruitment occurred by mailer and interested participants completed an intake survey indicating 
demographic characteristics and influenza vaccine receipt at the University of Michigan School 
of Public Health (Petrie et al., 2017). They were then asked to report each acute respiratory 
illness (ARI)) to investigators during the surveillance period between October 2014 and May 
2015. Reminders were sent out weekly via email to collect data on new ARIs. Case definitions 
were established prior to initiation of the study and were tailored by age group. Among children 
over the age of three years and adults, where two or more of the following symptoms were 
reported was counted as an eligible illness; cough, fever, congestion, chills, headache, body 
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aches, or sore throat. Among children under the age of three, incidence of two or more of cough, 
fever, runny nose, difficulty breathing, fussiness/irritability, fatigue, and/or loss of appetite were 
considered eligible illnesses. Participants who reported an eligible illness attended an illness visit 
at UM-SPH for nasal and throat swabs within seven days of illness onset (Petrie et al., 2017). 
RT-PCR was used to test swabs for influenza A and B using protocols developed at the CDC. 
Testing took place at UM-SPH (Petrie et al., 2017). Because this study is a secondary analysis of 
previously collected HIVE study data collected in 2014 and 2015, no deviations from the 
protocol reported for the 2014-2015 HIVE study took place during the course of this analysis.  
American Community Survey Data Collection 
The ACS uses a series of monthly samples to update changes to the rates of demographic 
characteristics described in the 2010 Census at the census block and block group level. Both 
Housing Units (HUs) and Group Quarters (GQs) are included in the sampling frame and are 
selected through a two-step process (United States Census Bureau, 2014). Each year, the ACS 
selects 2.9 million addresses from the Census Bureau’s Master Address File (MAF), on a 
rotating 5 year basis 20% of the frame are eligible for sampling, and each frame is sampled from 
once every five years to reduce potential burden on participants (U.S. Census Bureau, 2014). 
From this sampling frame, HUs are selected by a two-step process for each county in the United 
States. In the first phase, blocks are assigned to sampling strata, sampling rates are calculated and 
the sample is selected. Sampling rates for each county are a function of the national Base Rate 
(BR) updated annually for HUs and GQs. The second phase, a sample of non-responding 
addresses was selected for follow-up with Computer Assisted Personal Interviewing (CAPI). In 
total, each month, the first phase identifies approximately 295,000 households, resulting in 3.54 
million per year. In the second phase, a representative sample of non-responding households is 
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selected comprising between 33-100% of non-respondents depending on the block designation. 
Four modes of data collection are used in the ACS, internet and mail are used first to contact 
residents, and if no response is received by the end of the first month, a computer aided 
telephone interview (CATI) is attempted. If by the third month, no response is recorded, a 
personal visit (CAPI) takes place if that address is selected for follow-up in the second phase of 
sampling (United States Census Bureau, 2014).  
Data Analysis 
The study population was characterized using demographic and vaccination data 
collected in the 2014-2015 HIVE study to compare the proportions of individual level 
demographic and behavioral characteristics. Demographic data was assessed among three 
distinct groups, those who tested positive for influenza at any point during the study period and 
were the index case their household, those who were secondary cases in their household, and 
those who did not test positive for influenza at any point as a proof of concept study to evaluate 
the potential effect of neighborhood level structural features on primary and secondary influenza 
risk.  Participants were assigned to census blocks based on address of residence collected during 
intake for the HIVE study in order to protect anonymity. Assignment took place at the original 
study site before data was accessed for this study.  
Neighborhood Disadvantage Scores 
Neighborhood disadvantage scores were assigned to each census block where one or 
more HIVE study participants resided throughout the duration of the study. Methods for the 
calculation of the neighborhood disadvantage score have been published previously (Wing et al., 
2017). Briefly, neighborhood-level disadvantage composite scores were calculated based on 12 
neighborhood-level variables from the 2010 Census and the American Community Survey 2014 
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including: percent non-Hispanic white, Hispanic, with more than high school education, with 
more than a bachelor degree, below the United States Federal Poverty Level, who are 
unemployed, who have managerial occupation, with income at least $50,000, with interest, 
dividend, or rental income, with household with no telephone, with household with no vehicle 
maintained, and median household income. Individual variable z-scores were calculated and 
were recoded as necessary so that positive z-scores represent higher neighborhood disadvantage. 
Finally, the sum of all component z-scores was recorded as the final summary z-score of 
neighborhood level disadvantage for each participant (Appendix 1).  
Model Development 
Sequential multivariable logistic regression was performed in SAS 9.4. Sequential 
models were developed to predict the odds of having influenza by exploring demographic 
characteristics, individual level risk factors and household level risk factors before adding 
environmental-level risk factors. The inverse model was also developed to explore the ability of 
neighborhood level disadvantage z-score to predict all influenza, primary influenza and 
secondary influenza. The potential for confounding or effect modification was evaluated during 
the analysis. Estimates of relative excess risk of developing any, primary and secondary 
influenza by demographic, behavioral, and census block-level environmental characteristics were 
reported.  
Because 60% of the sample population that took part in the 2014-2015 HIVE study were 
under the age of 18 at the onset of the study, and normal weight vs obesity calculations are 
distinct for children and adults, the sample was split into adults who were 18 years of age or 
older, and children who were under the age of 18 at the onset of the study. Multiple logistic 
 57 
regression was repeated on the adult and child only data sets separately with BMI was assessed 
continuously as before.  
 
Responsible Research Conduct and Data Security 
The study design and analysis plan were submitted to the University of Michigan 
Medical School Institutional Review Board (IRB) as an amendment to the HIVE study 
application. Following approval at the University of Michigan, it was additionally approved by 
the Grand Valley State University IRB. Geocoding of residential addresses was completed by 
members of the original HIVE study research team, so that participant anonymity was preserved. 
All HIVE data was stored on a password protected flashdrive and will be destroyed following 
study completion.  
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Appendix 1 
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Chapter IV: Results 
2014-2015 HIVE Study Participant Characteristics  
In total, the 2014-2015 Household Influenza Vaccine Effectiveness (HIVE) Study  
enrolled and followed 1431 individuals from 340 households over the course of the study (Table 
1). Because the original study focused of the effectiveness of the influenza vaccine in real world 
settings, children were oversampled, and 60.2% (N=682) of the final study population was made 
up of children under the age of 18. Household size and composition varied, ranging from three to 
nine individual members, with a median household size of four, and participant age ranged from 
0 years to 75 years, with a median age of 12 years. The majority of participants were female 
(52.1%, N=746), and Non-Hispanic White (70.9%, N=1014). Participants of other races 
including individuals who identified as Asian accounted for 8.9% (N=128) of the study 
population, individuals who identified as Black/African American accounted for 8.3% (N=118). 
Individuals who identified as Hispanic or another race/ethnicity accounted for 2.8% (N=40) of 
the study population, and 9.2% (N=131) of participants did not report their race.  
Approximately 13.6% (N=195) of participants reported having any high-risk health 
condition, and 69.3% (N=992) reported having received at least one dose of the 2014-2015 
influenza vaccine.  Vaccination coverage varied significantly by age category (χ2= 20.66, 
p=0.0001), race (χ2= 19.34, p=0.0007), and high-risk health condition status (χ2=  9.12, p= 
0.0025), but did not vary significantly by sex (χ2=  0.01, p= 0.887).  
Behavioral characteristics including working or attending school/ daycare outside of the 
home varied significantly by age category (χ2=  62.95, p= <0.0001), presence of any high-risk 
condition (χ2= 5.37, p= 0.02), and sex (χ2=  35.10, p= <0.0001), but not by race (χ2= 2.08, p= 
0.72) or vaccination status (χ2= 1.09,  p= 0.29) (Table 2). Children under the age of 18 were not 
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asked about smoking behavior, and due to the highly skewed nature of the data, smoking was 
omitted from the final models. 
2014-2015 HIVE Study Household Characteristics 
Among the 340 households participating (Table 2), smoking in the home varied 
significantly by race, with individuals who identified as African American/ Black more likely to 
live in a home where at least one person smoked than any other race, χ2 (1, N=1427) =180.04, 
p<0.0001. Individuals who were unvaccinated against the flu (2014-2015) were significantly 
more likely to live in a home where at least one household member smoked χ2 (1, N=1427) 
=5.06, p= 0.02. Humidifier use in home varied significantly by age group, χ2 (3, N=1431) = 
21.17, p=0.0017, and race, χ2 (4, N=1431) = 65.01, p<0.0001). There was no statistically 
significant difference in home humidifier use by sex, presence of a high-risk health condition, or 
receipt of the 2014-2015 influenza vaccination (Table 2). The mean number of children in 
participating households was 2.76 (SD=1.07), with a median of 2. The mean total number total 
household members (children plus adults) was 4.8 (SD=1.15), with a median of four. 
Influenza Outcomes 
During the study period, 2132 individual tests for influenza were performed, resulting in 
210 individual cases of influenza detected in the study population. Of the cases detected, 59 
occurred within seven days of another infection detected in their household and were designated 
as secondary influenza cases (Table 1).  
Overall, influenza risk did not vary significantly by age, sex, race, vaccination status or 
presence of any high-risk health condition. Individuals who were in the 50+ years age bracket 
were at the highest risk of secondary influenza infection, although this difference was not 
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statistically significant, 4.05% became infected, compared to 2.41% in the 9-17 years age 
category.  
Geographic Distribution of Primary and Secondary Influenza Cases 
Geographic distribution of influenza cases appeared to mirror population distribution for 
this study population (Figure 4.1). Figure 4.1 A is a choropleth map depicting distribution of 
study participants, in this map, darker blue areas indicate greater population while green 
indicates fewer participants. Census tracts where no study participants resided are colored grey. 
Figure 4.1 B depicts the distribution of primary influenza cases, while Figure 4.1 C depicts the 
geographic distribution of secondary influenza cases. Darker blue indicates greater number of 
cases, while census tracts that had 0 cases, but where study participants resided are depicted in 
orange, while tracts in which no participants resided are indicated in grey. Figure 4.1 D depicts 
the geographic distribution of z-scores of neighborhood disadvantage. Households per census 
tract ranged from one to fourteen, with a median of two households per census tract. Geographic 
information was available for 320 households, and 1282 participants. Only participants where 
geographic information was available were included in the final regression analysis. 
Census Tract Characteristics, z-score Distribution, and SSP Distribution 
Among 2014-2015 HIVE study participants, there were 340 households, representing 103 
census tracts within Washtenaw, Oakland and Wayne Counties. Figure 1 D depicts the 
distribution of Census tract level sum z-scores. Mean neighborhood disadvantage z-score and 
SSP are summarized in Table 3. Higher positive z-score indicated greater neighborhood 
disadvantage. Z-scores were assigned to household addresses and to each individual residing at 
that address. Z-scores ranged from -13.35 to 30.92, with a mean score of -2.21 (Table 3). 
Neighborhood z-score decreased as age increased, and higher neighborhood level z-scores 
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(greater disadvantage) was associated with having any high-risk health condition, and not having 
received the 2014-2015 influenza vaccine (Table 3). 
Black/African American participants and Other/Hispanic participants were significantly 
more likely to live in Census Tracts with high neighborhood disadvantage scores than Asian and 
Non-Hispanic White participants, however, this could be due in part to proportion of Hispanic 
and proportion of the population that was Non-Hispanic White contributing to the z-score itself  
(Table 3).   
Self-reported subjective social position (SSP) was Mean SSP did not vary significantly 
between age groups, participant sex, vaccination status or high-risk health condition. However, 
Black/African American participants reported significantly lower SSP than any other race 
(Mean= 5.34, compared to Non-Hispanic White=6.63).    
Modeling Results  
Individual-level Demographic Characteristics First Model 
Multiple logistic regression analysis was carried out for each of the individual level 
characteristics identified above for all study participants with geographic data available (Table 
4). For the Individual Level Demographic Characteristics First Regression, Model 1 was 
statistically significant at the alpha= 0.05 cut-off, for any influenza (Model χ2 = 21.54, p= 
0.043), and primary influenza (Model χ2 = 21.08, p= 0.049). The addition of household level 
behavioral characteristics including any smoking in household, and household humidifier use did 
not improve model fit for any influenza (Model χ2 = 26.08, p= 0.0529), or primary influenza 
(Model χ2 = 25.6, p= 0.059). The addition of neighborhood level disadvantage z-scores and 
individual subjective social position scores (SSP) as continuous variables did not improve model 
fit for any influenza (Model χ2 = 25.37, p= 0.2312), or primary influenza (Model χ2 = 28.27, p= 
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0.1326). None of the models for secondary influenza reached statistical significance, Model 1 
(Model χ2 = 4.91, p= 0.961), Model 2 (Model χ2 = 7.68, p= 0.95), Model 3 (Model χ2 = 14.12, p= 
0.8641). 
In  Model 1, where both children and adults were included, participant body mass index 
(BMI) was statistically significantly protective of any influenza (OR= 0.93, p=0.0008), and 
primary influenza infection (OR=0.93, p= 0.0034) when controlling for participant age, sex, 
race, vaccination status, and presence of any high-risk health condition. BMI did not appear to 
significantly predict secondary influenza incidence among study participants. No other 
individual level demographic or behavioral characteristics were independently predictive of any, 
primary, or secondary influenza infection among all study participants in the Individual-level 
Demographic Characteristics First model, however age approached significance, as individuals 
in the 9-17, and 50+ years age groups were at 1.43 and 2.24 times the odds of individuals in the 
0-9 years age category of contracting any influenza, respectively.  
When household and behavioral factors were added to the individual total number of 
individuals in the household, number of children in the household, home humidifier use, and any 
smoking in the home were not independently predictive of increased odds of an individual 
participant contracting any influenza, primary or secondary influenza during the study period. 
When controlling for household level characteristics, 50+ years age group became statistically 
significant, with 2.60 times the odds of the 0-9 years age group of contracting any influenza (p= 
0.0361), however this significance was attenuated when neighborhood level z-score and SSP 
were added into the model (OR=2.20, p= 0.105) (Table 4). 
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Neighborhood-level Variables first Model 
In the Neighborhood-First regression, the impact of neighborhood-level disadvantage z-
score was assessed categorically by quintiles and SSP was assessed continuously on primary, 
secondary, and any influenza was assessed through multiple logistic regression (Table 5). None 
of the models reached statistical significance, for any influenza, primary influenza, or secondary 
influenza (Table 5). Neighborhood level disadvantage z-score was not statistically significantly 
associated with the odds of resident study participants developing any influenza, primary 
influenza, or secondary influenza, although OR did increase as neighborhood disadvantage 
increased. No other neighborhood level components of the composite z-score for neighborhood 
level disadvantage were found to be significant predictors of laboratory diagnosed influenza 
incidence among study participants who resided in those census blocks. Although neither model 
was globally significant, in Model 3 for both any influenza and primary influenza, BMI was 
statistically significantly protective (OR=0.94, p=0.0028), (OR=0.93, p=0.009), mirroring BMI 
results in the individual-level demographic characteristics first regression analysis (Table 5). 
Further investigation of BMI as a predictor of Influenza Incidence 
The initial participant demographics first model was repeated stratified by age. Among 
adult participants, at or over the age of 18 at study onset, higher BMI was statistically 
significantly protective against individual primary influenza infection while controlling for 
individual age, sex, race, presence of any high risk condition, annual vaccination receipt, and 
attendance of work or school outside of the home (OR=0.91, p= 0.015), and remained significant 
when household characteristics were introduced in Model 2 (OR=0.896, p=0.0051), and when 
neighborhood disadvantage and SSP were introduced in Model 3 (OR=0.896, p= 0.007). Among 
adult study participants, the use of a central whole home humidifier was also statistically 
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significantly protective, when controlling for individual and household behaviors in Model 2 
(OR=0.37, p= 0.013), and individual, household, and neighborhood factors in Model 3 
(OR=0.39, p= 0.029). No other individual level characteristics were independently predictive of 
influenza infection in these three models, although globally, the primary influenza infection 
logistic regression models for adults remained statistically significant at alpha=0.05 for all three 
models.  
EXPLORING NEIGHBORHOOD VARIATION IN INCIDENCE  OF INFLUENZA   
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Results Appendix 
 
 
 
Figure 4.1. Distribution of Influenza cases by Census Tract (2014-2015). Data Source: Household Influenza Vaccine Effectiveness Study 
(HIVE), 2014-2015, University of Michigan School of Public Health, Ann Arbor, MI. Figure 1 A shows the geographic distribution of all 
cases of influenza among subjects enrolled in the 2014-2015 HIVE Study by Census Tract of residence.  Figure 1 B shows the geographic 
distribution of cases of primary influenza infection within the household among subjects enrolled in the 2014-2015 HIVE Study by Census 
Tract of residence. Figure 1 C shows the geographic distribution of cases of secondary influenza infection among subjects enrolled in the 2014-
2015 HIVE Study by Census Tract of residence. 
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Chapter V: Discussion 
This study adopted a sequential multiple logistic modeling approach in order to begin to 
characterize the contribution of neighborhood determinants of influenza incidence above and 
beyond what is known about individual risk factors. The prospective nature of this study lends 
strength to the results by ensuring appropriate temporality of any association observed between 
neighborhood characteristics and influenza incidence. Additionally, the use of laboratory testing 
for all acute respiratory infections adds validity and discriminatory power to the findings of this 
study, by ensuring that the outcome of primary influenza or secondary influenza are detected 
with high accuracy and specificity. Finally, separate assessment of primary and secondary cases 
in each of the models of the study allows for increased discriminatory power in understanding 
mechanistic/biological plausibility of any proposed risk factors observed among secondary cases, 
which are more likely to be driven by differences in host susceptibility than primary cases where 
community level transmission rate may be more likely to be at work.      
Interpretation of Results 
 Primary findings 
The primary finding in this retrospective cohort analysis was that census-block level 
neighborhood socioeconomic disadvantage was not statistically significantly associated with 
greater risk for primary or secondary influenza infection in this population either alone or when 
individual and household risk factors were controlled for in this population. Individual-level 
demographic factors, including age and BMI were more predictive of influenza outcome than 
household-level composition, behavioral, and socio-demographic factors. This finding was 
somewhat inconsistent with previous research which indicated that socioeconomic disparities at 
the neighborhood level were associated with higher hospitalization rates (Chandrasekhar et al., 
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2017; Hadler, Yousey-Hindes, & Perez, 2016; Sloan et al., 2015; Yam, Yousey-Hindes, & 
Hadler, 2014).  In a study published by Chandrasekhar and colleagues (2017), a multilevel 
regression modeling analysis of 33,515 laboratory confirmed influenza associated 
hospitalizations, both individual factors including age and race, and neighborhood factors 
contributed to odds of influenza hospitalization, but that individual factors had significantly more 
impact on odds of hospitalization associated with influenza. The findings in this study, that more 
proximal and characteristic factors have a greater influence on individual risk for both primary 
and secondary influenza than neighborhood-level influences, is consistent with that particular 
piece of the findings of the study by Chandrasekhar and colleagues (2017), where individual 
characteristic of age had an odds ratios more than nine times higher than the small but 
statistically significant 30% increase in odds of hospitalization for influenza that occurred 
between census blocks of residence where >20% of the population lived below the poverty line, 
compared to census blocks where less than five percent did. The scale of this multisite study, the 
greater variation in census block poverty levels, and the choice to use direct percentages rather 
than z-scores all may help explain the differences in the findings between the Chandrasekhar et 
al. study (2017) and the findings of no statistically significant effect of neighborhood 
disadvantage on influenza incidence that were observed in this study.   
Secondary findings 
Auxiliary to the primary findings, this study found that among individual adult 
participants, every point increase in BMI was associated with a 10.4% reduction in the odds of 
contracting a primary influenza infection. This reduction was statistically significant across 
models, controlling for individual demographic, behavioral, household and neighborhood level 
factors. BMI did not remain a statistically significant predictor for secondary influenza among 
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adults and was not predictive for children under the age of 18, although this may be related to the 
need to assess BMI categorically by age in children, which was not done during this study.  
Several studies have identified obesity as a risk factor for severe influenza outcomes, 
while other studies have implicated severe obesity in reduced durability of immunity conferred 
through influenza vaccination, and increased duration of viral shedding (Maier et al., 2018; 
Sheridan et al., 2012; Van Kerkhove et al., 2011). One prospective cohort study conducted on the 
2013-2014 and 2014-2015 influenza seasons also investigating the impact of influenza 
vaccination, this time in North Carolina, found that among adult participants, those who were 
clinically obese (had a BMI over 30), had twice the risk of being infected with influenza during 
the study period than those of a healthy weight, which is at odds with the findings of this study  
(Neidich et al., 2017).  However, findings from a global pooled analysis of hospitalizations 
associated with the 2009 pandemic H1N1 influenza outbreak that considered outcome data from 
more than 70,000 laboratory confirmed cases indicated that individuals who were moderately 
obese (BMI 30-40) did not have an increased risk for hospitalization associated with influenza 
than those of a healthy weight, and in fact, may have had a reduced risk, although this difference 
was not statistically significant (RR=0.6, 95% CI: [0.2,1.8]), which fits in with the  (Van 
Kerkhove et al., 2011). Little research exists evaluating the influence of being overweight but not 
clinically obese, so this distinction could be important to interpreting the findings of this study. 
While the finding that increasing BMI is associated with lower risk of becoming infected 
with primary influenza is contrary to our initial hypothesis that individuals living in 
neighborhood settings that were obesogenic could be at higher risk for influenza, one possible 
explanation for the findings could be related to increased systemic inflammation associated with 
higher BMI could potentially result in a stronger initial reaction against the introduction of the 
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influenza virus, preventing it from establishing an infection. Evidence from a study by Sheridan 
and colleagues (2012) showed that increasing BMI correlated with increased antibody response 
to influenza vaccination initially after the vaccine was administered, and a study by Mancuso and 
colleagues (2011), which demonstrates that overnutrition results in excess production of 
proinflamatory cytokines and proinflamatory adipokines including leptin and resistin in murine 
models, both seem to support the plausibility of this hypothesis. While this is speculation, 
existing literature investigating the role of obesity in influenza incidence, vaccination, and 
outcomes suggests that the relationship between influenza, obesity, and immune system function 
is a complicated one. 
The study also found that plausible vaccine receipt was not protective against incident 
influenza in this cohort (2014-2015), which is consistent with the findings of the initial 2014-
2015 Household Influenza Vaccine Effectiveness study and other studies of influenza infection 
risk carried out in ambulatory care settings during the same influenza season (Petrie et al., 2017; 
Flannery et al., 2016; Skowronski, Chambers & Sabaiduc, 2016). This consistency in findings 
across several other studies that year, and the parent study helps support the validity of the other 
findings and the methodology used in this study. Further, the findings that any high-risk 
condition did not increase primary or secondary influenza risk in this cohort are also consistent 
with these previously published findings (Petrie et al., 2017).      
In addition, findings that the behavioral characteristic of lowered social participation 
among adult subjects, who did not attend work or school outside of the home, was associated 
with an increased odds of contracting influenza over the course of the study period, which 
remained significant after adjusting for demographic characteristics and previously identified 
risk factors. 
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Study Limitations 
Limitations to this study should be taken into consideration when interpreting the strength 
of these results. The inclusion criteria of the original HIVE study, which recruited study 
participants from families with at least two children under the age of 18 who receive primary 
care from the University of Michigan Health System narrows the generalizability of the findings 
of this study. On the basis of this inclusion criteria, institutionalized populations, which may be 
at higher risk for influenza, particularly if living in congregant settings are excluded from this 
analysis. The original HIVE study intentionally over-sampled for children, who have a higher 
risk of contracting influenza than the general population. In this study, children under the age of 
18 make up approximately 60% of this study population, while the proportion is much lower in 
the general population of the United States, and in the Ann Arbor area from which this sample 
was drawn. This oversampling of children had the potential to bias the results of this study away 
from the null hypothesis, if neighborhood disadvantage impacted children differently than it did 
adults. To address the influence of this oversampling of children in the original study, the main 
analysis was repeated separately for children and adults. The separation of adults and children 
and repeat of the individual-level characteristics first model was helpful in demonstrating that in 
this population at least, there was no statistically significant difference in the impact of 
neighborhood disadvantage on influenza incidence in adults and children.    
Although the results in this study may be relevant to relatively affluent, community-
dwelling suburban populations in the United States, care should be taken when attempting to 
generalize these results to other settings, and the results presented may not have generalizability 
to more diverse populations or populations outside of the United States. Carful interpretation of 
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the findings, to acknowledge the limitations that can not be controlled for due to the secondary 
nature of the data used is therefore important.  
The individual census block assignments, and thus neighborhood-level disadvantage 
scores assigned to participants in this study only takes into account census block of primary 
residence and does not account conditions of neighborhood level deprivation in workplace or 
educational settings where study participants may spend a large proportion of their waking hours. 
This could be important because a number of studies have identified schools as common places 
of influenza transmission among children, one of the major populations targeted in recruitment 
of participants that were used in this study (Aiello et al., 2016; Glass & Glass, 2008; Koep et al., 
2013; Newman & Girvan, 2004). Further, other studies have implicated the process of 
commuting to and from work as an important driver of influenza dissemination, and it is 
reasonable that the conditions at either end of that commute could be influencing this type of 
transmission (Charaudeau, Pakdaman, & Boëlle, 2014; Charu et al., 2017). This study is thus 
unable to account for the potential impact of such settings where transmission probabilities may 
be high, and where study participants are spending significant proportions of their periods of 
risk.  
Public Health Implications 
The findings of this study, and especially the finding from the subgroup analyses of 
adults and children should be interpreted in the contest of a fairly small sample size, and with the 
perspective that they were drawn from an unusually socioeconomically advantaged suburban 
population in southeast Michigan. While these caveats somewhat limit the generalizability of the 
results, even with these limitations taken into account, the findings of this study have a number 
of implications relevant to public health.  
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Effectively preparing for and addressing the annual epidemics of influenza that the 
United States faces requires a broad and multifaceted public health response. Despite ongoing 
efforts to increase vaccination coverage and reduce transmission through public messaging 
around non-pharmaceutical interventions, annually the CDC estimates that in the United States 
alone more than 9.3 million infections still occur (CDC, 2018). The burden of these infections is 
substantial, with more than 140,000 hospitalizations, and 12,000-49,000 deaths from influenza 
related complications occurring annually (CDC, 2018). To mitigate the most severe effects of 
annual outbreaks of influenza, it is essential to understand the wider risk factors for influenza 
incidence.  
Previous studies have shown that while census tract based determinants including percent 
living below the poverty level, percent female head of household and household crowding have 
been associated with influenza hospitalization in both adults and children, individual level risk 
factors were typically more predictive of influenza hospitalization and severity than less 
proximate factors (Chandrasekhar et al., 2017; Hadler et al., 2016; Sloan et al., 2015; Tam et al., 
2014). The results of this study fit in with this broader evidence base that more proximate factors 
have larger impacts on influenza at the individual and population scale, and suggest that the 
direction of scarce resources available to public health practitioners would be used most 
efficiently if focused on groups of individuals who have higher individual risk for influenza than 
directed at reducing neighborhood disadvantage more broadly.  
Recommendations  
While this study does not demonstrate a clear role for neighborhood disadvantage in 
altering individual level risk for influenza incidence, the limitations of the data available for use 
in this study make it impossible to rule out any neighborhood level contribution to influenza risk.  
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Further research is clearly needed in larger and more socioeconomically diverse populations to 
more clearly evaluate the impact that neighborhood conditions have on population level risk for 
influenza.  
Some of this further research could repeat the analysis on pooled longitudinal data 
collected in other years by the HIVE study where the same individual and household level 
variable information was collected to improve study power. The participants in the initial 2014-
2015 HIVE study were fairly socioeconomically homogenous and all received primary care at 
the same large regional health system, which in and of itself selects for households that prioritize 
health-seeking behavior and have the means to access it. The use of a larger and more diverse 
study population recruited using randomized sampling from the general population, rather than a 
single health system would therefore be beneficial for drawing broader conclusions if this study 
were to be repeated. Further, the census-derived information described by the neighborhood 
disadvantage z-scores that were used in this study have the limitation that while they are 
informative, they do not give a full picture of the situation on the ground. Direct measurement of 
neighborhood disadvantage is increasingly being used in the social sciences and may be more 
informative than census-derived measures for this type of study.  
Further work in which BMI is modeled categorically could allow for comparison of 
participants who are underweight, healthy, overweight and obese. Among children such 
categorization would require identification fall into the 80th and 95th percentiles of BMI for their 
age, which this study did not do. As previously discussed, there is an existing gap in the literature 
on the impacts of being overweight but not clinically obese on risk for infectious disease and 
such follow up research could help to fill this gap.  
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While this study has illuminated some interesting avenues for future research, it has also 
spotlighted the challenges of preforming population scale research upon diseases that are not 
reportable, and may not be routinely tested for, despite the seasonally epidemic nature of 
influenza in the United States. This lack of broad active influenza surveillance in the United 
States and around the world is one of the major challenges facing influenza researchers today. In 
response to this challenge, this study was designed to make the best use of existing data sources 
and contributes a framework to evaluate determinants of census-tract level, household level, and 
individual inequalities in incidence of laboratory confirmed influenza which could be used in 
future studies that address the limitations that were unavoidable in this analysis given the 
resources available.  This study, and the ones that may follow it will help to build the body of 
evidence around what does and does not influence individual and community risk for primary 
and secondary influenza incidence and may inform future decision making by public health 
officials in this field. 
Conclusion 
Geographic disparities in influenza incidence is an important, but poorly characterized 
topic in the field of public health. This research contributes the development of a framework to 
evaluate determinants of census-tract level, household level, and individual inequalities in 
incidence of laboratory confirmed influenza. This framework could be used for further 
longitudinal analysis on this dataset and helps to build the body of evidence around what does 
and does not influence individual and community risk for primary and secondary influenza 
incidence. The findings are suggestive that individual level characteristics are more predictive 
than geographic area of residence for individual risk of influenza infection, however, they are by 
no means conclusive. Such information could be informative for policymakers interested in 
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using available evidence as the basis of policy discussions for reducing influenza risk at the 
community level through targeting of prevention and control interventions, and is suggestive, 
though not conclusive that individual characteristics in this population at least, are more 
informative about individual risk than characteristics of the census block of residence. This 
research does not rule out a community level contribution, however, and more extensive research 
will be needed to demonstrate conclusively that neighborhood-level factors do not impact 
influenza risk in any way.  
  
 84 
References Chapter I 
Belongia, E. A., Kieke, B. A., Donahue, J. G., Greenlee, R. T., Balish, A., Foust, A., Lindstrom,  
S., Shay, D. K. (2009). Effectiveness of inactivated influenza vaccines varied 
substantially with antigenic match from the 2004-2005 season to the 2006-2007 season. J 
Infect Dis. 199(2), 159-67. doi: 10.1086/595861 
Centers for Disease Control and Prevention. (2018a). Estimated influenza illnesses, medical  
visits, and hospitalizations averted by vaccination. Retrieved from 
https://www.cdc.gov/flu/about/burden/ 
Centers for Disease Control and Prevention. (2018b). Estimated influenza illnesses, medical  
visits, and hospitalizations averted by vaccination in the United States, 2016-2017. 
Retrieved from https://www.cdc.gov/flu/about/disease/2016-17.htm 
Chan, J., Holmes, A., Rabadan, R. (2010). Network analysis of global influenza spread. PLoS  
Comput Biol. 6(11): e1001005. doi: 10.1371/journal.pcbi.1001005 
Flannery, B., Chung, J. R., Belongia, E. A., McLean, H. Q., Gaglani, M., Murthy, K.,  
Zimmerman, R. K., Nowalk, M. P., Jackson, M. L., Jackson, L. A., Monto, A. S., Martin, 
E. T., Foust, A., Sessions, W., Berman, L., Barnes, J. R., Spencer, S., Fry, A. M. (2018). 
Interim Estimates of 2017-18 Seasonal Influenza Vaccine Effectiveness - United States, 
February 2018. MMWR. Morbidity and mortality weekly report, 67(6), 180-185. 
doi:10.15585/mmwr.mm6706a2 
Gomez Lorenzo, M., & Fenton, M. (2013). Immunobiology of influenza vaccines. Chest,  
143(2), 502-510. doi: 10.1378/chest.12-1711 
Lewnard, J. & Cobey, S. (2018). Immune History and Influenza Vaccine Effectiveness.  
Vaccines, 6(2), 28. doi:10.3390/vaccines6020028 
 85 
Molinari, N., Ortega-Sanchez, I., Messonnier, M., Thompson. W., Wortley, P., 
Weintraub, E., Bridges, C. (2007). The annual impact of seasonal influenza in the US: 
measuring disease burden and costs. Vaccine. 25(27):5086–5096. 
Ohmit, S, Petrie, J., Malosh, R., Cowling, B., Thompson, M., Shay, D., Monto,  
A. (2013). Influenza vaccine effectiveness in the community and the household. Clin 
Infect Dis. 56(10):1363-9. doi: 10.1093/cid/cit060 
Stacey, H., Barjesteh, N., Mapletoft, J., & Miller, M. (2018). "Gnothi Seauton":  
Leveraging the host response to improve influenza virus vaccine efficacy. Vaccines, 6(2), 
23. doi:10.3390/vaccines6020023 
Tricco, A. C., Chit, A., Soobiah, C., Hallett, D., Meier, G., Chen, M. H., Tashkandi, M., Bauch,  
C. T., Loeb, M. (2013). Comparing influenza vaccine efficacy against mismatched and 
matched strains: a systematic review and meta-analysis. BMC Med. 11(6), 153. doi: 
10.1186/1741-7015-11-153. 
U.S. Census Bureau. (2009). American community survey design and methodology. Retrieved  
from https://www2.census.gov/programs-surveys/acs/methodology/design_and_ 
methodology / acs_design_methodology_previous.pdf 
 
 86 
References Chapter II 
Aiello, A., Coulborn, R., Perez, V., Davis, B., Uddin, M., Murray, G., Monto, A. (2010). A  
randomized intervention trial of mask use and hand hygiene to reduce seasonal influenza-
like illness and influenza infections among young adults in a university setting. 
International Journal of Infectious Diseases, 14. doi:10.1016/j.ijid.2010.02.2201 
Aiello, A., Simanek, A., Eisenberg, M., Walsh, A., Davis, B., Volz, E., Monto, A. (2016).  
Design and methods of a social network isolation study for reducing respiratory infection 
transmission: The eX-FLU cluster randomized trial. Epidemics, 15, 38-55. 
doi:10.1016/j.epidem.2016.01.001 
Aiello, A., Perez, V., Coulborn, R., Davis, B., Uddin, M., & Monto, A. (2012).  
Facemasks, hand hygiene, and influenza among young adults: A randomized intervention 
trial. PLoS ONE, 7(1). doi:10.1371/journal.pone.0029744 
Alford, R., Kasel, J., Gerone P., Knight  V. (1966). Human influenza resulting from aerosol  
inhalation. Proc Soc Exp Biol Med. 122. 800–804. 
Aneshensel, C., & Sucoff, C. (1996). The Neighborhood Context of Adolescent Mental Health.  
Journal of Health and Social Behavior, 37(4), 293-310. Retrieved from 
http://www.jstor.org/stable/2137258.  
Balcan, D., Colizza, V., Goncalves, B., Hu, H., Ramasco, J., & Vespignani, A. (2009).  
Multiscale mobility networks and the spatial spreading of infectious diseases. 
Proceedings of the National Academy of Sciences, 106(51), 21484-21489. 
doi:10.1073/pnas.0906910106 
Bailey, N., Dong, G., Minton, J., & Pryce, G. (2018). Reconsidering the relationship between air  
 87 
pollution and deprivation. International Journal of Environmental Research and Public 
Health, 15(4), 629. doi:10.3390/ijerph15040629 
Bell, M., & Ebisu, K. (2012). Environmental inequality in exposures to airborne particulate  
matter components in the United States. Environmental Health Perspectives, 120(12), 
1699-1704. doi:10.1289/ehp.1205201 
Berke, E. M., Gottlieb, L. M., Moudon, A. V. and Larson, E. B. (2007). Protective association  
between neighborhood walkability and depression in older men. Journal of the American 
Geriatrics Society, 55, 526-533. doi:10.1111/j.1532-5415.2007.01108.x 
Biggerstaff, M., Jhung, M., Reed, C., Fry, A., Balluz, L., & Finelli, L. (2014).  
Influenza-like illness, the time to seek healthcare, and influenza antiviral receipt during 
the 2010–2011 influenza season—United States. The Journal of Infectious Diseases, 
210(4), 535-544. doi:10.1093/infdis/jiu224 
Blumenshine, P., Reingold, A., Egerter, S., Mockenhaupt, R., Braverman, P., Marks, J. (2008).  
Pandemic influenza planning in the United States from a health disparities perspective. 
Emerging Infectious Diseases, 38(14). 709–715.  
Bozick, B., & Real, L. (2015). The role of human transportation networks in mediating the  
genetic structure of seasonal influenza in the United States. PLoS Pathogens, 11(6). 
doi:10.1371/journal.ppat.1004898 
Brockmann, D., & Helbing, D. (2013). The Hidden Geometry of Complex, Network-Driven  
Contagion Phenomena. Science, 342(6164), 1337-1342. doi:10.1126/science.1245200 
Brownstein, J., Wolfe, C., & Mandl, K. (2006). Empirical evidence for the effect of airline travel  
on inter-regional influenza spread in the United States. PLoS Medicine, 3(10). 
doi:10.1371/journal.pmed.0030401 
 88 
Bunout, D., Hirsch, S., Maza, M. D., Munoz, C., Haschke, F., Steenhout, P., Petermann, M.  
(2002). Effects of prebiotics on the immune response to vaccination in the elderly. 
Journal of Parenteral and Enteral Nutrition, 26(6), 372-376. 
doi:10.1177/014860710202600637 
Cauchemez, S., Bhattarai, A., Marchbanks, T., Fagan, R., Ostroff, S., Ferguson, N., Cox, D.  
(2011). Role of social networks in shaping disease transmission during a community 
outbreak of 2009 H1N1 pandemic influenza. Proceedings of the National Academy of 
Sciences of the United States of America, 108(7), 2825-2830. Retrieved from 
http://www.jstor.org.ezproxy.gvsu.edu/stable/41002222 
Cauchemez, S., Valleron, A., Boëlle, P., Flahault, A., & Ferguson, N. M. (2008). Estimating  
the impact of school closure on influenza transmission from Sentinel data. Nature, 
452(7188), 750-754. doi:10.1038/nature06732 
Centers for Disease Control and Prevention. (2018). Estimated influenza illnesses, medical  
visits, and hospitalizations averted by vaccination in the United States, 2016-2017. 
Retrieved from https://www.cdc.gov/flu/about/disease/2016-17.htm 
Charaudeau, S., Pakdaman, K., & Boëlle, P. (2014). Commuter mobility and the spread of  
infectious diseases: application to influenza in France. PLoS ONE, 9(1). 
doi:10.1371/journal.pone.0083002  
Charland, K., Brownstein, J., Verma, A., Brien, S., & Buckeridge, D. (2011). Socio-Economic  
disparities in the burden of Seasonal Influenza: The effect of social and material 
deprivation on rates of influenza infection. PLoS ONE, 6(2). 
doi:10.1371/journal.pone.0017207 
Chan, J., Holmes, A., Rabadan, R. (2010). Network analysis of global influenza spread. PLoS  
 89 
Comput Biol 6(11). e1001-1005. doi:10.1371/journal.pcbi.1001005 
Chen, C., Hsieh, Y., Su, H., & Wu, J. J. (2018). Causality test of ambient fine particles  
and human influenza in Taiwan: Age group-specific disparity and geographic 
heterogeneity. Environment International, 111, 354-361. 
doi:10.1016/j.envint.2017.10.011 
Charu, V., Zeger, S., Gog, J., Bjørnstad, O. N., Kissler, S., Simonsen, L., Viboud, C. (2017).  
Human mobility and the spatial transmission of influenza in the United States. PLOS 
Computational Biology, 13(2). doi:10.1371/journal.pcbi.1005382 
Cordoba, E., & Aiello, A. (2016). Social Determinants of Influenza Illness and Outbreaks in  
the United States. North Carolina Medical Journal. 77(5), 341-345. 
doi:10.18043/ncm.77.5.341 
Cowling, B., Chan, K., Fang, V., Cheng, C., Fung, R., Wai, W., Leung, G. (2009). Facemasks  
and hand hygiene to prevent influenza transmission in households. Annals of Internal 
Medicine, 151(7), 437. doi:10.7326/0003-4819-151-7-200910060-00142 
Cohen, S., Alper, C. M., Doyle, W., Adler, N., Treanor, J., & Turner, R. (2008). Objective and  
subjective socioeconomic status and susceptibility to the common cold. Health 
Psychology, 27, 268 –274. doi: 10.1037/0278-6133.27.2.268 
Cohen, S., Doyle, W. J., & Skoner, D. P. (1999). Psychological Stress, Cytokine Production, and  
Severity of Upper Respiratory Illness. Psychosomatic Medicine, 61(2), 175-180. 
doi:10.1097/00006842-199903000-00009 
Crouse, D., Ross, N., & Goldberg, M. (2009). Double burden of deprivation and high  
concentrations of ambient air pollution at the neighbourhood scale in Montreal, Canada. 
Social Science & Medicine, 69(6), 971-981. doi:10.1016/j.socscimed.2009.0 
 90 
Dalziel, B., Kissler, S., Gog, J., Viboud, C., Bjørnstad, O., Metcalf, C, & Grenfell, B.  
(2018). Urbanization and humidity shape the intensity of influenza epidemics in U.S. 
cities. Science, 362(6410), 75-79. doi:10.1126/science.aat6030 
Dawood, F., Jain, S., Finelli, L., (2009). Novel swine-origin Influenza A (H1N1) virus  
investigation team.  Emergence of a novel swine-origin influenza A (H1N1) virus in 
humans.  N Engl J Med. 360(25):2605-261519423869. Retrieved from 
https://www.nejm.org/doi/10.1056/NEJMoa0903810?url_ver=Z39.88-
2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dwww.ncbi.nlm.nih.gov 
Diez Roux, A. V., & Mair, C. (2010). Neighborhoods and health. Annals of the New York  
Academy of Sciences, 1186(1), 125-145. doi:10.1111/j.1749-6632.2009.05333.x 
Ewing, A., Lee, E., Viboud, C., & Bansal, S. (2016). Contact, travel, and transmission: The  
impact of winter holidays on influenza dynamics in the United States. Journal of 
Infectious Diseases. doi:10.1093/infdis/jiw642 
Feng, C., Li, J., Sun, W., Zhang, Y., & Wang, Q. (2016). Impact of ambient fine particulate  
matter (PM2.5) exposure on the risk of influenza-like-illness: A time-series analysis in 
Beijing, China. Environmental Health, 15(1). doi:10.1186/s12940-016-0115-2 
Fiore, A., Shay, D., Broder, K., Iskander, J., Uyeki, T., Mootrey, G., Cox, N. (2009).  
Prevention and Control of Seasonal Influenza with Vaccines: Recommendations of the 
Advisory Committee on Immunization Practices (ACIP), 2009. Morbidity and Mortality 
Weekly Report: Recommendations and Reports, 58(8), 1-52. Retrieved from 
http://www.jstor.org/stable/24842373 
Grafova, I. B., Freedman, V. A., Kumar, R., & Rogowski, J. (2008). Neighborhoods and obesity  
 91 
in later life. American journal of public health, 98(11), 2065–2071. 
doi:10.2105/AJPH.2007.127712 
Grantz, K., Rane, M., Salje, H., Glass, G., Schachterle, S., & Cummings, D. (2016). Disparities  
in influenza mortality and transmission related to sociodemographic factors within 
Chicago in the pandemic of 1918. Proceedings of the National Academy of Sciences, 
113(48), 13839-13844. doi:10.1073/pnas.1612838113 
Gemmetto, V., Barrat, A., & Cattuto, C. (2014). Mitigation of infectious disease at school:  
Targeted class closure vs school closure. BMC Infectious Diseases, 14(1). 
doi:10.1186/s12879-014-0695-9 
Girvan, M., & Newman, M. (2002). Community structure in social and biological networks.  
Proceedings of the National Academy of Sciences, 99(12), 7821-7826. 
doi:10.1073/pnas.122653799 
Glass, L., & Glass, R. (2008). Social contact networks for the spread of pandemic influenza in  
children and teenagers. BMC Public Health, 8(1). doi:10.1186/1471-2458-8-61 
Gog, J., Ballesteros, S., Viboud, C., Simonsen, L., Bjornstad, O. (2014). Spatial transmission of  
2009 pandemic influenza in the US. PLoS Comput Biol 10(6). doi: 
10.1371/journal.pcbi.1003635 
Hirve, S., Newman, L. P., Paget, J., Azziz-Baumgartner, E., Fitzner, J., Bhat, N., Zhang, W.  
(2016). Influenza seasonality in the tropics and subtropics – when to vaccinate? PLoS 
One, 11(4). doi: http://dx.doi.org.ezproxy.gvsu.edu/10.1371/journal.pone.0153003 
Huang, X., Mengersen, K., Milinovich, G., & Hu, W. (2017). Effect of Weather Variability  
 92 
on Seasonal Influenza Among Different Age Groups in Queensland, Australia: A 
Bayesian Spatiotemporal Analysis. The Journal of Infectious Diseases, 215(11), 1695-
1701. doi:10.1093/infdis/jix181 
Hutchins, S., Fiscella, K., Levine, R., Ompad, D., & Mcdonald, M. (2009). Protection of  
racial/ethnic minority populations during an influenza pandemic. American Journal of 
Public Health, 99(S2). doi:10.2105/ajph.2009.161505 
Ichinohe, T., Pang, I. K., Kumamoto, Y., Peaper, D., Ho, J., Murray, T., & Iwasaki, A. (2011).  
Microbiota regulates immune defense against respiratory tract influenza A virus 
infection. Proceedings of the National Academy of Sciences, 108(13), 5354-5359. 
doi:10.1073/pnas.1019378108 
Jung, Y., Lee, Y., Ngo, V. L., Cho, Y., Ko, E., Hong, S., Kang, S. (2017). Heat-killed  
Lactobacillus casei confers broad protection against influenza A virus primary infection 
and develops heterosubtypic immunity against future secondary infection. Scientific 
Reports, 7(1). doi:10.1038/s41598-017-17487-8 
Kalpazanov, Y., Stamenova, M., & Kurchatova, G. (1976). Air pollution and the 1974–1975  
influenza epidemic in Sofia. Environmental Research, 12(1), 1-8. doi:10.1016/0013-
9351(76)90002-5 
Karpati, A., Galea, S., Awerbuch, T., & Levins, R. (2002). Variability and vulnerability at the  
ecological level: implications for understanding the social determinants of health. 
American Journal of Public Health, 92(11), 1768-72. doi:  
Kiecolt-Glaser, J., Glaser, R., Gravenstein, S., Malarkey, W., & Sheridan, J. (1996). Chronic  
stress alters the immune response to influenza virus vaccine in older adults. Proceedings 
of the National Academy of Sciences of the United States of America, 93(7), 3043-7. 
 93 
Koep, T., Enders, F., Pierret, C., Ekker, S., Krageschmidt, D., Neff, K., Huskins, W. (2013).  
Predictors of indoor absolute humidity and estimated effects on influenza virus survival 
in grade schools. BMC Infectious Diseases, 13(1). doi:10.1186/1471-2334-13-71 
Kostova, D., Reed, C., Finelli, L., Cheng, P., Gargiullo, P. M., Shay, D. K., Bresee, J. 
(2013). Influenza illness and hospitalizations averted by influenza vaccination in the 
United States, 2005–2011. PLoS ONE, 8(6). doi:10.1371/journal.pone.0066312 
Krieger, N., Waterman, P., Chen, J., Soobader, M., Subramanian, S. (2003).  Monitoring  
socioeconomic inequalities in sexually transmitted infections, tuberculosis, and violence:  
geocoding and choice of area-based socioeconomic measures--the public health  
disparities geocoding project (US). Public Health Rep, 118(3), 240-260. 
Kucharski, A., Lessler, J., Read, J., Zhu, H., Jiang, C., Guan, Y., Riley, S. (2015).  
Estimating the life course of Influenza A(H3N2) antibody responses from cross-sectional 
data. PLoS Biology, 13(3). doi:10.1371/journal.pbio.1002082 
Lee, K., Gordon, A., Shedden, K., Kuan, G., Ng, S., Balmaseda, A., & Foxman, B. (2019). The  
respiratory microbiome and susceptibility to influenza virus infection. Plos One, 14(1). 
doi:10.1371/journal.pone.0207898 
Lee, K. H., Gordon, A., & Foxman, B. (2016). The role of respiratory viruses in the etiology of  
bacterial pneumonia. Evolution, Medicine, and Public Health, 2016(1), 95-109. 
doi:10.1093/emph/eow007 
Lee, S. , Nah, Y., & Choi, L. (2015). Influenza surveillance and forecast with smartphone  
sensors. Computing, 97(3), 237-259. doi:10.1007/s00607-014-0415-8 
Lemey, P., Rambaut, A., Bedford, T., Faria, N., Bielejec, F., Baele, G., Suchard, M. A. (2014).  
 94 
Unifying viral genetics and human transportation data to predict the global transmission 
dynamics of human influenza H3N2. PLoS Pathogens, 10(2). 
doi:10.1371/journal.ppat.1003932 
Lemieux, C., Brankston, G., Gitterman, L., Hirji, Z., & Gardam, M. (2007). Questioning Aerosol  
Transmission of Influenza. Emerging Infectious Diseases, 13(1), 173. doi: 
10.3201/eid1301.061202. 
Lowen, A., Mubareka, S., Steel, J., & Palese, P. (2007). Influenza virus transmission is  
dependent on relative humidity and temperature. PLoS pathogens, 3(10), 1470-6. 
Lessler, J. (2014). Charting the life-course epidemiology of influenza. Science, 346(6212),  
919-920. doi:10.1126/science.aaa0613 
Liu, X., Li, Y., Qin, G., Zhu, Y., Li, X., Zhang, J., Zheng, X. (2018). Effects of air pollutants on  
occurrences of influenza-like illness and laboratory-confirmed influenza in Hefei, China. 
International Journal of Biometeorology, 63(1), 51-60. doi:10.1007/s00484-018-1633-0 
Mamelund, S. (2006). A socially neutral disease? Individual social class, household wealth and  
mortality from Spanish influenza in two socially contrasting parishes in Kristiania 1918–
19. Social Science & Medicine, 62(4), 923-940. doi:10.1016/j.socscimed.2005.06 
Maier, H. E., Lopez, R., Sanchez, N., Ng, S., Gresh, L., Ojeda, S., … Gordon, A. (2018). Obesity  
Increases the Duration of Influenza A Virus Shedding in Adults. The Journal of  
infectious diseases, 218(9), 1378–1382. doi:10.1093/infdis/jiy370 
Mayoral, J. M., Alonso, J., Garín, O., Herrador, Z., Astray, J., Baricot, M., Domínguez, Á.  
(2013). Social factors related to the clinical severity of influenza cases in Spain during 
the A (H1N1) 2009 virus pandemic. BMC Public Health, 13(1). doi:10.1186/1471-2458-
13-118 
 95 
Moon, K., Huh, E., & Jeong, H. (2013). Seasonal evaluation of bioaerosols from indoor air of  
residential apartments within the metropolitan area in South Korea. Environmental 
Monitoring and Assessment, 186(4), 2111-2120. doi:10.1007/s10661-013-3521-8 
Morelli, X., Rieux, C., Cyrys, J., Forsberg, B., & Slama, R. (2016). Air pollution, health and  
social deprivation: A fine-scale risk assessment. Environmental Research, 147, 59-70. 
doi:10.1016/j.envres.2016.01.030 
Morgan, O., Bramley, A., Fowlkes, A., Freedman, D., Taylor, T., Gargiullo, P., Fry, A. (2010).  
Morbid obesity as a risk factor for hospitalization and death due to 2009 pandemic 
Influenza A(H1N1) disease. PLoS ONE, 5(3). doi:10.1371/journal.pone.0009694 
Moser, M., Bender T., Margolis, H., Noble G., Kendal, A., Ritter D. (1979). An outbreak of  
influenza aboard a commercial airliner. Am J Epidemiol, 110. 1–6. 
Mossong, J., Hens, N., Jit, M., Beutels, P., Auranen, K., Mikolajczyk, R., &  Edmunds, W.  
(2008). Social contacts and mixing patterns relevant to the spread of infectious diseases. 
PLoS Medicine, 5(3). doi:10.1371/journal.pmed.0050074 
Myatt, T., Kaufman, M., Allen, J., Macintosh, D., Fabian, M., & Mcdevitt, J. (2010). Modeling  
the airborne survival of influenza virus in a residential setting: The impacts of home 
humidification. Environmental Health, 9(1). doi:10.1186/1476-069x-9-55 
Neuzil, K., Wright, P., Mitchel, E., & Griffin, M. (2000). The burden of influenza illness in  
children with asthma and other chronic medical conditions. The Journal of Pediatrics, 
137(6), 856-864. doi:10.1067/mpd.2000.110445 
Nie, W., Zhang, Y., Jee, S., Jung, K. J., Li, B., & Xiu, Q. (2014). Obesity survival paradox in  
pneumonia: A meta-analysis. BMC Medicine,12(1). doi:10.1186/1741-7015-12-61 
Nuñez, I., Carlock, M., Allen, J., Owino, S., Moehling, K., Nowalk, P., Ross, T. (2017). Impact  
 96 
of age and pre-existing influenza immune responses in humans receiving split inactivated 
influenza vaccine on the induction of the breadth of antibodies to influenza A strains. 
Plos One, 12(11). doi:10.1371/journal.pone.0185666 
Ohmit, S., Petrie, J., Malosh, R., Fry, A., Thompson, M., & Monto, A. (2014). Influenza vaccine  
effectiveness in households with children during the 2012-2013 season: Assessments of 
prior vaccination and serologic susceptibility. Journal of Infectious Diseases,211(10), 
1519-1528. doi:10.1093/infdis/jiu650 
Oxford, J., Sefton, A., Jackson, R., Innes, W., Daniels, R., & Johnson, N. (2002). World War I  
may have allowed the emergence of “Spanish” influenza. The Lancet Infectious Diseases, 
2(2), 111-114. doi:10.1016/s1473-3099(02)00185-8 
Riley, R. (1974). Airborne infection. The American Journal of Medicine, 57(3), 466-475.  
doi:10.1016/0002-9343(74)90140-5 
Roussel, M., Pontier, D., Cohen, J., Lina, B., & Fouchet, D. (2016). Quantifying the role of  
weather on seasonal influenza. BMC Public Health, 16(1). doi:10.1186/s12889-016-
3114-x 
Roux, A.V.D., Mair, C. (2010). Neighborhoods and health.  Ann N Y Acad Sci, 1186, 125-145.  
doi: 10.1111/j.1749-6632.2009.05333.x 
Russell, C., Jones, T., Barr, I., Cox, N., Garten, R., Gregory, V., Smith, D.  
(2008). The global circulation of seasonal Influenza A (H3N2) viruses. Science, 
320(5874), 340-346. doi:10.1126/science.1154137 
Salleh M. (2008). Life event, stress and illness. The Malaysian journal of medical sciences   
MJMS, 15(4), 9-18. Retrieved from 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3341916/ 
 97 
Shaman, J., & Kohn, M. (2009). Absolute humidity modulates influenza survival,  
transmission, and seasonality. Proceedings of the National Academy of Sciences, 106(9), 
3243-3248. doi:10.1073/pnas.0806852106 
Segerstrom, S. C., & Miller, G. E. (2004). Psychological stress and the human immune system: a  
meta-analytic study of 30 years of inquiry. Psychological bulletin, 130(4), 601-30. doi: 
10.1037/0033-2909.130.4.601 
Steptoe, A., & Feldman, P. (2001). Neighborhood problems as sources of chronic stress:  
Development of a measure of neighborhood problems, and associations with 
socioeconomic status and health. Annals of Behavioral Medicine,23(3), 177-185. 
doi:10.1207/s15324796abm2303_5 
Tellier, R. (2006). Review of aerosol transmission of influenza A virus. Emerging Infectious  
Diseases, 12(11), 1657-1662. https://dx.doi.org/10.3201/eid1211.060426. 
Thompson, M., Naleway, A., Ball, S., Henkle, E. M., Sokolow, L. Z., Williams, J., Gaglani, M.  
(2014). Subjective social status predicts wintertime febrile acute respiratory illness 
among women healthcare personnel. Health Psychology, 33(3), 282-291. 
doi:10.1037/a0032764 
Touloumi, G., Samoli, E., Quenel, P., Paldy, A., Anderson, R., Zmirou, D., Katsouyanni, K.  
(2005). Short-term effects of air pollution on total and cardiovascular mortality. 
Epidemiology, 16(1), 49-57. doi:10.1097/01.ede.0000142152.62400.13   
Vazquez-Prokopec, G., Bisanzio, D., Stoddard, S., Paz-Soldan, V., Morrison, A., Elder, J.,   
Kitron, U. (2013). Using GPS technology to quantify human mobility, dynamic contacts 
and infectious disease dynamics in a resource-poor urban environment. PLoS ONE, 8(4). 
doi:10.1371/journal.pone.0058802 
 98 
Van Kerkhove, M., Vandemaele, K., Shinde, V., Jaramillo-Gutierrez, G., Koukounari, A.,  
Donnelly, C., . . . Mounts, A. (2011). Risk Factors for Severe Outcomes following 2009 
Influenza A (H1N1) Infection: A Global Pooled Analysis. PLoS Medicine, 8(7). 
doi:10.1371/journal.pmed.1001053 
Viboud, C., Bjornstad, O., Smith, D., Simonsen, L., Miller, M., & Grenfell, B. (2006).  
Synchrony, Waves, and Spatial Hierarchies in the Spread of Influenza. Science, 
312(5772), 447-451. doi:10.1126/science.1125237 
Wang, L., Chu, C., Yang, G., Hao, R., Li, Z., Cao, Z., Song, H. (2014). Transmission  
characteristics of different students during a school outbreak of (H1N1) Influenza in 
China, 2009. Scientific Reports, 4(1). doi:10.1038/srep05982 
Weaver, A., Khatun-E-Jannat, K., Cercone, E., Krytus, K., Sohel, B., Ahmed, M., Ram, P.   
(2017). Household-level risk factors for secondary influenza-like illness in a rural area of 
Bangladesh. Tropical Medicine & International Health, 22(2), 187-195. 
doi:10.1111/tmi.12820 
Yang, W., & Marr, L. C. (2011). Dynamics of airborne Influenza A viruses indoors and  
dependence on humidity. PLoS ONE, 6(6). doi:10.1371/journal.pone.0021481 
Yaqoob, P. (2017). Impact of probiotics on the immune response to influenza vaccination is  
strongly influenced by ageing. Nutrition Bulletin, 42(1), 87-93. doi:10.1111/nbu.12253 
 
 
 
 
 
 99 
References Chapter III 
Calo, W. A., Vernon, S. W., Lairson, D. R., & Linder, S. H. (2015). Associations between  
contextual factors and colorectal cancer screening in a racially and ethnically diverse 
population in Texas. Cancer epidemiology, 39(6), 798–804. 
doi:10.1016/j.canep.2015.09.012. 
Chandrasekhar, R., Sloan, C., Mitchel, E., Ndi, D., Alden, N., Thomas, A., … Lindegren, M. L.  
(2017). Social determinants of influenza hospitalization in the United States. Influenza 
and other respiratory viruses, 11(6), 479–488. doi:10.1111/irv.12483 . 
Goodman, S. M., Mandl, L. A., Parks, M. L., Zhang, M., McHugh, K. R., Lee, Y. Y., … Bass, A.  
R. (2016). Disparities in TKA outcomes: Census tract data show interactions between 
race and poverty. Clinical orthopaedics and related research, 474(9), 1986–1995. 
doi:10.1007/s11999-016-4919-8. 
Kattan, J. A., Kudish, K. S., Cadwell, B. L., Soto, K., & Hadler, J. L. (2014). Effect of  
vaccination coordinators on socioeconomic disparities in immunization among the 2006 
Connecticut birth cohort. American journal of public health, 104(1), e74–e81. 
doi:10.2105/AJPH.2013.301418. 
Lian, M., Schootman, M., Doubeni, C. A., Park, Y., Major, J. M., Stone, R. A., … Schatzkin, A.  
(2011). Geographic variation in colorectal cancer survival and the role of small-area 
socioeconomic deprivation: a multilevel survival analysis of the NIH-AARP Diet and 
Health Study Cohort. American journal of epidemiology, 174(7), 828–838. 
doi:10.1093/aje/kwr162. 
Ohmit, S., Petrie, J., Malosh, R., Cowling, B., Thompson, M., Shay, D., & Monto, A. (2013).  
 100 
Influenza Vaccine Effectiveness in the Community and the Household. Clinical 
Infectious Diseases, 56(10), 1363-1369. doi:10.1093/cid/cit060. 
Petrie, J., Malosh, R., Cheng, C., Ohmit, S., Martin, E. Johnson, E., . . . Monto, A.  
(2017). The household influenza vaccine effectiveness study: Lack of antibody response 
and protection following receipt of 2014–2015 influenza vaccine. Clinical Infectious 
Diseases, 65(10), 1644-1651. doi:10.1093/cid/cix608. 
Rossen L. (2014). Neighborhood economic deprivation explains racial/ethnic disparities in  
overweight and obesity among children and adolescents in the U.S.A. Journal of 
epidemiology and community health, 68(2), 123–129. doi:10.1136/jech-2012-202245. 
United States Census Bureau. (2014). American Community Survey design and methodology.  
Retrieved from https://www2.census.gov/programs-
surveys/acs/methodology/design_and_methodology/acs_design_methodology_ch04_201
4.pdf?#. 
Veugelers, P., Yip, A., Kephart, G. (2001). Proximate and contextual socioeconomic  
determinants of mortality: multilevel approaches in a setting with universal health care 
coverage. American Journal of Epidemiology,154(8), 725‐732.  
doi: 10.1093/aje/154.8.725. 
Wing, J., Sánchez, B., Adar, S., Meurer, W., Morgenstern, L., Smith, M., Lisabeth, L. (2017).  
Synergism of short-term air pollution exposures and neighborhood disadvantage on initial 
stroke severity. Stroke, 48(11), 3126-3129. doi: 10.1161/STROKEAHA.117.018816. 
 
  
 101 
References Chapter 5 
Aiello, A., Simanek, A., Eisenberg, M., Walsh, A., Davis, B., Volz, E., Monto, A. (2016).  
Design and methods of a social network isolation study for reducing respiratory infection 
transmission: The eX-FLU cluster randomized trial. Epidemics, 15, 38-55. 
doi:10.1016/j.epidem.2016.01.001 
Bryant, W., Ompad, D., Sisco, S., Blaney, S., Glidden, K., Phillips, E., . . . Galea, S. (2006).  
Determinants of influenza vaccination in hard-to-reach urban populations. Preventive 
Medicine, 43(1), 60-70. doi:10.1016/j.ypmed.2006.03.018 
Centers for Disease Control and Prevention. (2018a). Estimated influenza illnesses, medical  
visits, and hospitalizations averted by vaccination. Retrieved from 
https://www.cdc.gov/flu/about/burden/ 
Charaudeau, S., Pakdaman, K., & Boëlle, P. (2014). Commuter mobility and the spread of  
infectious diseases: application to influenza in France. PLoS ONE, 9(1). 
doi:10.1371/journal.pone.0083002 
Charu, V., Zeger, S., Gog, J., Bjørnstad, O. N., Kissler, S., Simonsen, L., Viboud, C. (2017).  
Human mobility and the spatial transmission of influenza in the United States. PLOS 
Computational Biology, 13(2). doi:10.1371/journal.pcbi.1005382 
Cordoba, E., & Aiello, A. (2016). Social Determinants of Influenza Illness and Outbreaks in  
the United States. North Carolina Medical Journal. 77(5), 341-345. 
doi:10.18043/ncm.77.5.341 
Diez Roux, A. V., & Mair, C. (2010). Neighborhoods and health. Annals of the New York  
Academy of Sciences, 1186(1), 125-145. doi:10.1111/j.1749-6632.2009.05333.x 
Flannery, B., Zimmerman, R., Gubareva L. (2016). Enhanced genetic characteri- 
 102 
zation of influenza a(H3N2) viruses and vaccine effectiveness by genetic group, 
2014–2015. J Infect Dis, 214(7), 1010–9. doi: 10.1093/infdis/jiw181. 
Glass, L., & Glass, R. (2008). Social contact networks for the spread of pandemic influenza in  
children and teenagers. BMC Public Health, 8(1). doi:10.1186/1471-2458-8-61 
Hadler, J., Yousey‐Hindes, K., Perez, A. (2016). Influenza‐related hospitalizations and poverty  
levels ‐ United States, 2010‐2012. MMWR Morb Mortal Wkly Rep, 65, 101‐105. 
Hutchins, S., Fiscella, K., Levine, R., Ompad, D., & Mcdonald, M. (2009). Protection of  
racial/ethnic minority populations during an influenza pandemic. American Journal of 
Public Health, 99(S2). doi:10.2105/ajph.2009.161505 
Kiecolt-Glaser, J., Glaser, R., Gravenstein, S., Malarkey, W., & Sheridan, J. (1996). Chronic  
stress alters the immune response to influenza virus vaccine in older adults. Proceedings 
of the National Academy of Sciences of the United States of America, 93(7), 3043-7. 
Koep, T., Enders, F., Pierret, C., Ekker, S., Krageschmidt, D., Neff, K., Huskins, W. (2013).  
Predictors of indoor absolute humidity and estimated effects on influenza virus survival 
in grade schools. BMC Infectious Diseases, 13(1). doi:10.1186/1471-2334-13-71 
Maier, H. E., Lopez, R., Sanchez, N., Ng, S., Gresh, L., Ojeda, S., … Gordon, A. (2018). Obesity  
Increases the Duration of Influenza A Virus Shedding in Adults. The Journal of  
infectious diseases, 218(9), 1378–1382. doi:10.1093/infdis/jiy370 
Neidich, S., Green, W., Rebeles, J., Karlsson, E. A., Schultz-Cherry, S., Noah, T., Beck, M.  
(2017). Increased risk of influenza among vaccinated adults who are obese. International 
journal of obesity (2005), 41(9), 1324–1330. doi:10.1038/ijo.2017.131 
Newman, M., Girvan, M. (2002). Community structure in social and biological networks.  
 103 
Proceedings of the National Academy of Sciences, 99(12), 7821-7826. 
doi:10.1073/pnas.122653799 
Petrie, J., Malosh, R., Cheng, C., Ohmit, S., Martin, E. Johnson, E., . . . Monto, A.  
(2017). The household influenza vaccine effectiveness study: Lack of antibody response 
and protection following receipt of 2014–2015 influenza vaccine. Clinical Infectious 
Diseases, 65(10), 1644-1651. doi:10.1093/cid/cix608 
Skowronski, D., Chambers, C., Sabaiduc, S. (2016). A perfect storm: impact of 
genomic variation and serial vaccination on low influenza vaccine effectiveness 
during the 2014–2015 season. Clinical Infectious Diseases, 63(1), 21–32. doi: 
10.1093/cid/ciw176. Epub 2016 Mar 29. 
Sloan, C., Chandrasekhar, R., Mitchel, E. (2015). Socioeconomic disparities and influenza  
hospitalizations, Tennessee, USA. Emerg Infec Dis, 21(9), 1602‐1610. 
https://dx.doi.org/10.3201/eid2109.141861. 
Sheridan, P. A., Paich, H. A., Handy, J., Karlsson, E. A., Hudgens, M. G., Sammon, A. B., …  
Beck, M. A. (2012). Obesity is associated with impaired immune response to influenza 
vaccination in humans. International Journal of Obesity, 36(8), 1072–1077. 
doi:10.1038/ijo.2011.208 
Tam, K., Yousey‐Hindes, K., Hadler, J. (2014). Influenza‐related hospitalization of adults  
associated with low census tract socioeconomic status and female sex in New Haven 
County, Connecticut, 2007‐2011. Influenza Other Respir Viruses, 8(3), 274‐281. 
Van Kerkhove, M. D., Vandemaele, K. A., Shinde, V., Jaramillo-Gutierrez, G., Koukounari, A.,  
 104 
Donnelly, C. A. (2011). Risk factors for severe outcomes following 2009 influenza A 
(H1N1) infection: a global pooled analysis. PLoS medicine, 8(7), e1001053. 
doi:10.1371/journal.pmed.1001053 
Valenciano, M., Kissling, E., Reuss, A., Rizzo, C., Gherasim, A., Horváth, J., Moren, A.  
(2016). Vaccine effectiveness in preventing laboratory-confirmed influenza in primary  
care patients in a season of co-circulation of influenza A(H1N1)pdm09, B and drifted  
A(H3N2), I-MOVE Multicentre Case–Control Study, Europe 2014/15. Euro 
Surveillance, 21(7). doi:10.2807/1560-7917.es.2016.21.7.30139 
Yousey-Hindes, K., & Hadler, J. L. (2011). Neighborhood Socioeconomic Status and  
Influenza Hospitalizations Among Children: New Haven County, Connecticut, 2003–
2010. American Journal of Public Health, 101(9), 1785-1789. 
doi:10.2105/ajph.2011.300224 
